University of Alabama in Huntsville

LOUIS
Dissertations

UAH Electronic Theses and Dissertations

2015

Vertical variability of the raindrop size distribution and its effects
on decal-polarimetric radar quantitative precipitation estimation
Patrick N. Gatlin

Follow this and additional works at: https://louis.uah.edu/uah-dissertations

Recommended Citation
Gatlin, Patrick N., "Vertical variability of the raindrop size distribution and its effects on decal-polarimetric
radar quantitative precipitation estimation" (2015). Dissertations. 62.
https://louis.uah.edu/uah-dissertations/62

This Dissertation is brought to you for free and open access by the UAH Electronic Theses and Dissertations at
LOUIS. It has been accepted for inclusion in Dissertations by an authorized administrator of LOUIS.

VERTICAL VARIABILITY OF THE RAINDROP SIZE
DISTRIBUTION AND ITS EFFECTS ON
DUAL-POLARIMETRIC RADAR QUANTITATIVE
PRECIPITATION ESTIMATION

by

PATRICK N. GATLIN

A DISSERTATION

Submitted in partial fulfillment of the requirements
for the degree of Doctor of Philosophy
in
The Department of Atmospheric Science
to
The School of Graduate Studies
of
The University of Alabama in Huntsville

HUNTSVILLE, ALABAMA
2015

ACKNOWLEDGEMENTS

I sincerely thank Dr. Walt Petersen for serving as my technical advisor during the
writing of this dissertation, and for being an exceptional mentor over the past several
years. I would also like to thank Dr. Kevin Knupp for serving as the chair of my
committee as well as my other committee members—Drs. Larry Carey, John Mecikalski
and especially Dr. Don Perkey, who provided me with the initial opportunity to further
my education at UAH that opened a world of opportunities for which I am ever thankful.
I truly appreciate their time, effort and patience during the writing of this dissertation.
Each one of them has provided me with outstanding career guidance over the years. I
would also like to thank Dr. Jim Smoot and Ms. Julie Clift for their support during my
time as a NASA Pathways Intern as well as Dr. Rich Blakeslee for his helpful advice
over the past couple years.
Last but certainly not least, I am ever grateful to my wife for her patience and
encouragement while I was completing this dissertation. This work would not have been
possible without her support.
I dedicate this to my father and grandfather who instilled in me the desire to seek
out knowledge.

vi

TABLE OF CONTENTS

Page
List of Figures .................................................................................................................................. x
List of Tables ................................................................................................................................. xv
CHAPTER 1: INTRODUCTION ................................................................................................... 1
1.1

Motivation ........................................................................................................................ 2

1.2

Problem statement and significance of study ................................................................... 5

1.3

Organization of dissertation ............................................................................................. 7

CHAPTER 2: BACKGROUND AND THEORY .......................................................................... 9
2.1

Vertical distribution of precipitation .............................................................................. 10

2.1.1

Stratiform precipitation .......................................................................................... 10

2.1.2

Convective type ..................................................................................................... 12

2.1.3

Evolution of the raindrop size distribution............................................................. 14

2.2

Radar measurement of rainfall ....................................................................................... 15

2.2.1

Radar theory and dual-polarimetry ........................................................................ 16

2.2.2

Radar rainfall estimators ........................................................................................ 21

2.2.3

Impact of the melting layer on radar QPE ............................................................. 23

2.2.4

Dual-polarimetric signatures of the melting layer ................................................. 27

CHAPTER 3: MELTING LAYER AND IMPACT ON RAINDROP SIZE DISTRIBUTION ... 32

vii

3.1

Data and methods to examine the RSD and melting layer............................................. 33

3.1.1

Instrumentation and data collection ....................................................................... 33

3.1.2

Radar Identification of the ML .............................................................................. 36

3.1.3

RSD model ............................................................................................................. 43

3.1.4

Radar retrieval of RSD........................................................................................... 45

3.2

RSD response to changes in the melting layer ............................................................... 49

3.2.1

Response of Dm at the ground to ML changes ....................................................... 51

3.2.2

Vertical evolution of the RSD in response to ML changes .................................... 57

3.3

Discussion of observed RSD response to changes in the melting layer ........................ 62

3.4

Using ML characteristics for radar rainfall estimation .................................................. 66

CHAPTER 4: ESTIMATING RAINFALL FROM MELTING LAYER AND DSD
CHARACTERISTICS ................................................................................................................ 70
4.1

Theoretical relationship between Z-R and Dm ............................................................... 72

4.2

Data and analysis methods ............................................................................................. 76

4.2.1

Rainfall measurements and quality control ............................................................ 77

4.2.2

Empirical formulation of a new Z-R using Dm ...................................................... 79

4.2.3

Selection of validating rain gauges and radar processing techniques .................... 88

4.3

Evaluation of radar rainfall estimators ........................................................................... 95

4.3.1

Overall performance of radar rainfall estimators ................................................... 95

4.3.2

Performance of radar rainfall estimators as a function of R .................................. 96

viii

4.3.3

Performance of radar rainfall estimators as a function of distance ...................... 101

CHAPTER 5: VERTICAL VARIABILITY OF POLARIMETRIC PARAMETERS (VP3) .... 104
5.1

Influence of VPR correction on R(Zh, ZDR) ................................................................. 107

5.2

Characteristics of the VP3 ........................................................................................... 109

5.2.1

Melting signatures of the VP3 ............................................................................. 110

5.2.2

Characteristic profile of ZDR ................................................................................ 121

5.3

The VP3 correction for ZDR ......................................................................................... 128

5.3.1

Simulation of operational radar scanning ............................................................ 128

5.3.2

Results of VP3 correction .................................................................................... 135

CHAPTER 6: SUMMARY AND CONCLUSIONS .................................................................. 141

6.1

How do precipitation melting layer characteristics impact the physics of rainfall
development in the vertical column? ........................................................................... 142

6.2

Can the melting layer characteristics as observed with radar be used to improve radar
QPE? ............................................................................................................................ 144

6.3

What are VP3 characteristics and how do they vary as a function of rainfall intensity?
..................................................................................................................................... 146

6.4

What are the impacts of the VP3 on radar QPE? ......................................................... 147

APPENDIX .................................................................................................................................. 149
REFERENCES ............................................................................................................................ 158

ix

List of Figures
Figure 2.1 Schematic of (top) stratiform and (bottom) convective type precipitation
systems (from Houze 1993). The stratiform system is horizontally expansive but
vertically shallow relative to the deeper and more discrete nature of the convective
precipitation system. Also, the convective cloud evolves over a much shorter time scale
than the stratiform as indicated by the times, t0,…tn, listed below the convective model.
The time it takes for rain to develop and reach the ground in convective precipitation is
on the order of 10-30 minutes, whereas it can take upwards of an hour or two in
stratiform precipitation...................................................................................................... 11
Figure 2.2 Idealized schematic of the vertical profile of reflectivity (VPR) observed by
scanning weather radar within stratiform precipitation. The enhanced radar reflectivity in
the melting layer (i.e., radar bright band) can lead to an overestimation of surface rainfall.
........................................................................................................................................... 25
Figure 2.3 Dual-polarimetric profiles through stratiform precipitation. (top-left) LDR,
ZDR, ZH from C-band dual-polarimetric radar (POLDIRAD) and vertical velocity (VCW)
from a 1.23 GHz vertically pointing radar and (top-right) particle images obtained by
aircraft probe during a field study in Germany (adapted from Hagen et al. 1993 by Franco
et al. 2007). (bottom) Measurements from NCAR S-band radar at a range of 10 km
during a field study in Oregon (from Brandes and Ikeda 2004). ...................................... 28
Figure 3.1 Method for determination of melting layer boundaries from dual-polarimetric
radar RHI scans. ................................................................................................................ 38
Figure 3.2 A time-height series of equivalent reflectivity measured by the UAH
vertically pointing X-band radar (XPR) during the 6 March 2011 stratiform rainfall event
in Huntsville, AL. The melting layer boundaries estimated from dual-polarimetric radar
RHI scans are indicated with an “X”. The open rectangles are the median height of the
melting layer boundaries estimated from vertically pointing radial Doppler velocity
measurements every 5 minutes (squares) and the error bars represent the interquartile
range. ................................................................................................................................. 41

x

Figure 3.3 (a) A radar RHI scan of equivalent reflectivity shows precipitation trails
emanating from the melting layer, which is depicted by the radar bright band. The dotted
line represents the backward trajectory of raindrops observed at the ground to their origin
beneath the thicker portion of the melting layer. The dashed line represents the vertical
profile not adjusted for the precipitation trail (dotted line). (b) The vertical profiles of Ze
at a range of 15 km from the RHI in panel a. The solid red line is the vertical profile of
reflectivity (VPR) corresponding to the dashed line in panel a. The pseudo-VPR was
taken along the precipitation trail (dotted line in panel a). The corresponding dualpolarimetric based ML top and bottom for two profiles are also drawn, and the darker
lines represent the ML determined from the pseudo-VPR. .............................................. 42
Figure 3.4 Dual-polarimetric radar-based ML thickness and height above ground of the
ML bottom and 2DVD measured Dm from the Alabama and IFloodS stratiform rainfall
cases. (a) and (b) Relative frequency distribution of ML thickness and ML bottom. Solid
curve represents the cumulative frequency distribution. (c) and (d) Box and whiskers
plots of Dm where each box is bounded by the 25th and 75th quartiles and the mean value
in each Dm bin is represented by an “X”. The whiskers indicate extremes and extend to
1.5 times the interquartile range. Outliers (i.e., values exceeding 1.5 times the
interquartile range) are represented by circles. ................................................................. 52
Figure 3.5 Relationship between raindrop size observed at the ground and melting layer
(ML) characteristics. The mean (circles) and standard deviation (error bars) of (a,b) Dm
(c,d) Dmax are plotted as a function of (a,c) ML thickness and (b,d) height of ML bottom
above ground. The dashed line is the linear least squares fit given by the equations in the
upper right corner. Also given in the upper right corner is the coefficient of
determination, R2. ............................................................................................................. 53
Figure 3.6 The (a) mean Dm and (b) maximum Dmax at the ground from 2DVD
measurements of rainfall as a function of the overlying melting layer thickness and its
height above ground (i.e., ML bottom). The mean values of Dm and Dmax (mm) inside
each quadrant of the ML thickness and ML bottom space are given. The mean (median)
of the melting layer measurements are given by the solid (dashed) lines. ....................... 55
Figure 3.7 Vertical profile of RSD parameters retrieved from dual-polarimetric radar
measurements for the ML thicknesses listed in Table 3.5. (a) mean Dm; (b) mean Nw; (c)
and (d) standard deviation of Dm and Nw, respectively. The legend in the lower-left
corners gives the radar-based ML thickness. .................................................................... 60
Figure 3.8 Radar estimated ML characteristics and rainfall measured at the ground
during the 6 March 2011 stratiform event in Huntsville, Alabama. (a) ML thickness
(squares) and bottom (diamonds) estimated from ARMOR measurements at 15 km range.
(b) 1-minute rainfall rate measured by 2DVD-SN16 (circles) and 2DVD-SN38 (asterisks)
beneath the ML estimates; rainfall accumulation (dashed). ............................................. 67
xi

Figure 4.1 Plot of reflectivity factor from radar scattering simulations at C-band and
rainfall rate stratified by the mass-weighted mean volume diameter obtained from oneminute stratiform DSDs measured by 2DVDs in Huntsville, Alabama. The dashed lines
represent the Z-R equation fitted to the DSDs in each Dm bin listed in the legend. ......... 80
Figure 4.2 Coefficient of Z-R relationship stratified by Dm for stratiform RSDs measured
by 2DVDs in Huntsville, Alabama. The box and whiskers were determined using
equation (4.10) (i.e., theoretical) and the empirically determined coefficients are from
Table 4.1. The circles represent theoretical coefficients that exceeded 150% of the
interquartile range (i.e., outliers)....................................................................................... 83
Figure 4.3 Scatterplot of R from the three estimators (given by equations [4.14], [4.15]
and [4.16]) compared with the observed rainfall rate for the stratiform RSDs sampled by
the 2DVDs in Huntsville, AL. .......................................................................................... 87
Figure 4.4 Cumulative rainfall in the Tennessee Valley on 100 rainy days between
January 10, 2008, to October 27, 2010, from rain gauge measurements and radar rainfall
estimators at those gauge locations. The percentages in the legends are the fractional bias
relative to the daily gauge accumulations and the distances are relative to the ARMOR
radar. ................................................................................................................................. 91
Figure 4.5 Monthly distribution of the melting layer top from ARMOR ρhv
measurements over the NSSTC. The box and whiskers are similar to Figure 4.2. The
numbers along the abscissa are the total number of rainy days. ....................................... 94
Figure 4.6 Scatterplot of hourly ARMOR rainfall estimates calculated with the (a) R(Zh,
Dm) estimator (equation [4.14]), (b) Z-R estimator (equation [4.15]), (c) Z/Dm-R
estimator (equation [4.16]) and (d) ARMOR combined three-parameter dual-polarimetric
rainfall algorithm, versus rain gauge measurements......................................................... 97
Figure 4.7 Normalized standard error of hourly rainfall accumulations from the four
rainfall estimators calculated from ARMOR measurements. ......................................... 100
Figure 4.8 Range dependency of the radar rainfall estimator. ....................................... 102
Figure 5.1 Example of the relative bias of R(Zh, ZDR) as a function of height due to the
vertical profiles of Zh and ZDR obtained at 10 km range (i.e., VP3) from a sequence of
ARMOR RHI scans. The colored lines are the apparent vertical profiles at different
ranges from the radar (i.e., the initial profile at 10 km range was corrected for beam
broadening). .................................................................................................................... 105

xii

Figure 5.2 Profile of the R(Zh, ZDR) bias relative to that near the ground after removal of
the bias due to the ΔZe profile in Figure 5.1 (i.e., the R bias shown is solely due to ΔZDR
in Figure 5.1). .................................................................................................................. 108
Figure 5.3 Vertical profile of polarimetric parameters: (a) Ze, (b) ZDR, (c) ρhv and (d)
Kdp relative to the top of the ρhv dark band (i.e., top of the mixed-phase region). The
colored images are the frequency altitude distribution relative to the maximum number of
occurrences, and the contour lines represent the 25th, 50th, 75th and 95th percentiles of the
distributions from lightest to darkest shading, respectively............................................ 112
Figure 5.4 Distance between the top and bottom of (a) Ze bright band, (b) ZDR bright
band and (c) ρhv dark band. The solid curve is the cumulative distribution of the
thickness retrievals and the histogram shaded with diagonal lines is the thickness without
correcting for radar beam broadening. ............................................................................ 118
Figure 5.5 Relative frequency distribution of ρhv dark band thickness (i.e., ML) and ZDR
bright band thickness. ..................................................................................................... 122
Figure 5.6 Characteristic ZDR profiles relative to the height of the reflectivity bright
band. The solid line is the median and the error bars are the 25th and 75th quartiles,
respectively. All profiles were extracted from ARMOR RHI scans at a distance of 14.63
km from the radar............................................................................................................ 124
Figure 5.7 Statistical summary of ZDR profiles relative to that in the rain. The error bars
are the percentiles and the solid line is the median. ........................................................ 129
Figure 5.8 Vertical gradient of ZDR from the profiles in Figure 5.7. The error bars are the
percentiles and the solid line is the median. ................................................................... 130
Figure 5.9 Radar scanning strategy for VCP21 (solid) simulated from ARMOR RHI
elevation angles (dotted). The shaded region along the abscissa is the terrain height along
the 52.7° azimuth (i.e., in the direction of the NSSTC, which is at 15 km). The VCP21
elevation angles labeled as well as given in Table 5.3. .................................................. 132
Figure 5.10 A simulated PPI scan from (a) RHI measurements of ZDR obtained over the
NSSTC with the ARMOR radar on March 6, 2011. The measurements in (a) were used
to simulate a PPI type scan with a VCP21 pattern at (b) 30- (c) 60- and (d) 100-km from
the radar. ......................................................................................................................... 134

xiii

Figure 5.11 Example of the VP3 correction for a stratiform rainfall event in northern
Alabama on March 6, 2011. The time-series of rain rate and rainfall accumulation were
obtained at simulated distance of 60 km from the radar. ................................................ 136
Figure 5.12. Comparison of radar versus gauge rainfall rates before (circles) and after
(X) the VP3 correction. ................................................................................................... 139
Figure A.1 A comparison of polynomial and power-law fits for retrieval of Dm from ZDR
at the NPOL radar frequency using the IFloodS gamma RSD data not used in the fitting
process (i.e., the validation dataset). (a) 2DVD observations of Dm and the simulated
ZDR at S-band frequency with a polynomial fit (solid line) and power-law fit (dashed
line) to the dataset; the six coefficients labeled as ai of the fifth-order polynomial fit are
each defined as well as the coefficient, b0, and exponent, b1, of the power-law fit. (b)
Comparison of the retrieved Dm and observed Dm for the polynomial (asterisks) and
power-law (plus) models; the dashed line represents perfect agreement; the RMSE,
coefficient of variation of the RMSE (i.e., RMSE divided by the mean observed Dm) and
coefficient of determination are given on the right-side of this plot. (c) Normalized
standard error of the polynomial (solid) and power-law (dashed) retrievals relative to the
true Dm. ........................................................................................................................... 152
Figure A.2 The power-law model used to retrieve Nw for the IFloodS gamma RSD data
not used in the fitting process (i.e., the validation dataset). (a) 2DVD observations of Dm,
Nw and the simulated horizontal reflectivity. Two power-laws were used to provide a
good fit across the entire range of observed gamma RSDs; the coefficient, b0, and
exponent, b1, of the power-law fits for each Dm range is also given in the lower right. (b)
Comparison of the Nw retrieval relative to the observed Nw; the dashed line represents
perfect agreement; the RMSE, coefficient of variation of the RMSE (i.e., RMSE divided
by the mean observed Nw) and coefficient of determination are given on the right-side of
this plot. (c) Normalized standard error (NSE) of the retrieved Nw relative to the true Nw;
the darker curve is the NSE without inclusion of the Dm retrieval error. ....................... 154
Figure A.3 Uncertainty in the radar measurement of reflectivity and differential
reflectivity in rainfall for the NPOL and ARMOR radars using their specifications listed
in Table 3.1. .................................................................................................................... 157

xiv

List of Tables
Table 3.1 Characteristics of the dual-polarimetric radars used in this study. .................. 35
Table 3.2 Performance of ML identification from ARMOR RHI scans relative to the
XPR estimates of the ML. ................................................................................................. 39
Table 3.3 Overview of 2DVD rainfall measurements used in this study. ....................... 47
Table 3.4 The uncertainty in Dm and Nw retrievals from the simulated radar
measurements using 30% of the RSD observations (i.e., the validation dataset) listed in
Table 3.3. .......................................................................................................................... 50
Table 3.5 Overview of RSD retrievals from radar RHI scans during periods of varying
ML thickness. The angle brackets represent the arithmetic mean of the retrieved profile
and σ is its standard deviation. .......................................................................................... 58
Table 4.1 Mean ± standard deviation of Z=aRb constants determined both theoretically
and empirically as a function of Dm. The theoretical exponent, b, is unity following the
derivation given in the text. .............................................................................................. 82
Table 4.2 Uncertainty of rain rate estimators based on disdrometer measurements for R >
0.2, 1, 3 and 5 mm h-1. ...................................................................................................... 85
Table 4.3 Uncertainty of rain rate estimators based on hourly accumulations from the
eight rain gauges for R > 0.2, 1, 3 and 6 mm h-1. ............................................................. 99
Table 5.1 Characteristics of the VP3 bright/dark band signatures in stratiform
precipitation. P05, P25, P50, P75 and P95 are the 5th, 25th, 50th, 75th and 95th percentiles,
respectively, of the distributions containing n samples. The peak value for ρhv refers to
its minimum value attained in the dark band. All heights refer to the location of the
bright/dark band peak. .................................................................................................... 115
Table 5.2 Linear and rank correlations between characteristics of the ZDR bright band and
VP3s. ............................................................................................................................... 120
Table 5.3. RHI elevation angles used to simulate those of VCP 21. ............................. 133

xv

Table 5.4. Rainfall events used to evaluate the VP3 correction. ................................... 138
Table A.1 Empirical constants used to retrieve Nw from dual-polarimetric radar
measurements. The retrieval equation is of the form Nw=aZhDmb where Zh is in mm6m-3
and Dm is in mm. ............................................................................................................. 155

xvi

CHAPTER 1

INTRODUCTION

This study addresses radar-based quantitative precipitation estimation (QPE), and
more specifically the radar-range sampling problem by examining the physical origin of
the raindrop size distribution (RSD) as well as the factors that influence its evolution.
We first consider the impact of the melting layer (ML) on the RSD and RSD evolution as
rain reaches the ground. Specifically, we hypothesize that a relatively thick ML (and/or
low ML) results in larger raindrops in the column near the surface. There have been few
if any studies providing quantitative evidence relating ML properties to raindrop size
distribution and its evolution. This study uses characteristics of the ML, which are
readily detected in weather radar measurements of stratiform type precipitation (i.e., that
characterized by weak vertical motions), to describe the RSD variability. This study then
uses these findings to modify radar rainfall estimators so that more accurate rainfall maps
can be produced from weather radar measurements.
The study also aims to quantify the vertical distribution of precipitation in order to
improve operational radar rainfall estimation, especially at great distances from the radar.
At a given distance from the radar, the power and phase of the radar signal returned by
the intercepted targets will vary with height, depending upon hydrometeor type(s) and the
incident angle of the radar beam, resulting in a non-uniform vertical profile of
1

polarimetric parameters (VP3) depicted by dual-polarimetric radar. Dual-polarimetric
radar quantitative precipitation estimation (QPE) algorithms often assume the VP3 below
the radar beam is constant, but unlike the vertical profile of reflectivity that has been well
documented (e.g., Fabry and Zawadzki 1995), the VP3 has yet to be similarly
characterized. Thus this study examines the VP3 and its variability over a range of
various rainfall rates in order to determine its impact on dual-polarimetric radar QPE.
Summarizing the study objectives, we will answer the following questions:
1.

How do precipitation melting layer characteristics impact the physics of rainfall

development in the column?
2.

Can the melting layer characteristics as observed with radar be used to improve

radar-based QPE?
3.

What are VP3 characteristics and how do they vary as a function of rainfall

intensity?
4.

What are the impacts of the VP3 variability on radar QPE?

1.1

Motivation

Precipitation plays a key role in the Earth’s hydrologic cycle—it represents the
transport of water from the atmosphere to the surface of the Earth where it helps sustain
the freshwater supply and serves as a source of net latent heating via processes such as
evaporation and condensation. Accurate spatial and temporal measurements of rainfall
are essential for hydrologic models to generate reasonable flood forecasts (Gourley et al.
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2011) and for assimilation by numerical weather prediction models to obtain
representative initial conditions (e.g., Pereira Fo. et al. 1999; McPherson et al. 2004).
More importantly, precipitation constitutes a major source of fresh water available to life
for consumption. In order to efficiently manage our water resources, in light of
population growth and a changing climate, it is vital that we understand not only how, but
also where, when and how much rain water falls to Earth as accurately as possible.
Rain gauges have long been used to measure rainfall. However, they only
provide a point measurement and thus may not be truly representative of the rainfall at
distances away from the rain gauge. Some have found that the rainfall accumulated over
1 hour by rain gauges separated less than 10 km apart exhibit little correlation and even
less agreement for shorter accumulation times (e.g., Habib et al. 2001; Villarini et al.
2008), especially in those regions that routinely receive convective precipitation
(Krajewski et al. 2003). Since the spacing between rain gauges in operational networks
that provide hourly accumulations is at best on the order of tens of kilometers (Kim et al.
2009a; Seo et al. 2014), such sparsely populated networks can give a rather poor
depiction of highly variable rainfall fields (Zhang et al. 2013; Seo et al. 2014).
Furthermore, there are known errors associated with a rain gauge measurement, such as
rainfall under-catch and instrument calibration (Sieck et al. 2007). Also, an individual
rain gauge can cost nearly $6,000 USD annually to operate and maintain (Curtis 2008),
thus making it not economically viable to deploy a dense network of rain gauges across a
medium to large-size watershed (e.g., Tennessee River).
The number of rain gauges required to provide an accurate depiction of rainfall
across a watershed/basin depends upon several factors including their intended use (e.g.,
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hydrologic and climate modeling, flash flood forecasting, crop irrigation, etc.), basin size
and complexity of its terrain (as well as land cover) and climatological regime (i.e.,
convective/stratiform). For example, Villarini et al. (2008) indicated about 25 rain
gauges were required to obtain reasonable (i.e., within 20% accuracy) hourly rainfall
maps over a 200 km2 area. Assuming this finding scales to larger areas, then over
540,000 rain gauges would be required to provide similar accuracy over a basin the size
of the Tennessee River Valley.
One solution to mapping rainfall over large areas is weather radar. However,
accurately estimating rainfall from radar measurements can be difficult due to inherent
sampling factors (Villarini and Krajewski 2010). Although many of these factors,
including radar beam blockage (Lang et al. 2009) and beam broadening (Ryzhkov 2007),
attenuation of the radar signal (Bringi and Chandrasekar 2001, chap. 4) and rainfall
variability within the radar sampling volume (Chandrasekar and Bringi 1987; Lee et al.
2007), have already been addressed, the vertical distribution of precipitation (i.e., vertical
variability of the drop size distribution, water content, rain rate, etc.) remains an
outstanding problem for radar-rainfall mapping, even for dual-polarimetric radar (Lee
2006; Giangrande and Ryzhkov 2008; Kumjian and Ryzhkov 2010, 2012; Cunha et al.
2013). Variability of the raindrop size distribution is also important in calculating kinetic
energy flux that is vital to studying soil erosion (Cerro et al. 1998; Parsons and Gadian
2000; Angulo-Martínez and Barros 2015).
It has been suggested by some that RSD variability is only a minor factor
contributing to the large errors observed between the radar and rain gauge (Zawadzki
1984; Joss and Waldvogel 1990). Other contributing factors include radar calibration
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(Smith et al. 1996), parametric fitting (Krajewski and Smith 1991), instrumental
uncertainties (Campos and Zawadzki 2000) and differences in measurement scale
between the radar and rain gauge (Ciach and Krajewski 1999). Radars provide an areaaveraged rainfall estimate (commonly at 1 km2 resolution) whereas a rain gauge is only a
“point” measurement that can be up to nine orders of magnitude smaller in area.
Anagnostou et al. (1999) have found this scale difference can account for as much as
60% of the disagreement between the radar and rain gauge. Bringi et al. (2011) noted
similar results but also found the radar error due to measurement and rainfall retrieval
algorithm uncertainties contributed relatively less to the total radar-gauge difference for
lower rainfall accumulations. Furthermore, Thurai et al. (2012) showed that 73% of the
radar-gauge variance for a cold-season widespread stratiform rainfall event could be
attributed to point-to-area variance (i.e., difference in measurement scale), radar errors
(measurement and retrieval algorithm) and disdrometer sampling errors. There is also
another contributing factor that can greatly affect radar-based rainfall estimates,
especially in stratiform precipitation—the presence of a melting layer (Joss and
Waldvogel 1990). The melting layer is the most preeminent feature of stratiform type
precipitation, which can produce persistent rainfall across a large watershed.

1.2

Problem statement and significance of study

Radar-based measurements of rainfall are vital in understanding the distribution
of precipitation over large watersheds. Even though dual-polarimetric radar technology
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and the associated parameters measured enable improved rainfall estimation compared to
traditional (i.e., single-polarization) radar (Petersen et al. 1999; Gorgucci et al. 2000;
Ryzhkov et al. 2005b), dual-polarimetric radars still suffer from many of the same
sampling uncertainties associated with accurately estimating rainfall at distant ranges
from the radar. For example, regardless of polarization characteristics the spatial
resolution of radar measurements degrades with increasing range from the radar (i.e.,
beam-broadening) and thus so does the accuracy of current radar retrieval techniques.
Ground-based weather radars obtain measurements at increasingly higher heights as the
radar beam travels away from the radar due to Earth curvature and vertical gradients of
atmospheric temperature and humidity (i.e., refractive index). Thus radar derived
rainfall maps may not be representative of the actual rainfall totals observed at the
ground, especially at great distances from the radar (e.g., during winter a typical 1° wide
radar beam emitted at an elevation angle of 0.5° may encounter melting precipitation
around 100 km from the radar), especially in regions of complex terrain that can inhibit
use of measurements obtained at the lowest elevation angles.
It is customary in radar QPE to assume a constant rainfall profile below the lowest
altitude of a given radar measurement or to apply a correction based on some model of
the vertical profile of reflectivity, but vertical variability in the raindrop size distribution
(RSD) can disrupt these methods because it may undermine assumptions used in the
rainfall retrieval. Satellite-based retrieval techniques can also be greatly impacted by
RSD variability since they too must use measurements that are obtained several hundred
meters above the ground and at higher microwave frequencies that can be greatly
affected by attenuation (Chandrasekar et al. 2003; Iguchi et al. 2009). Although
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numerous other factors contribute to the sampling uncertainties (e.g., instrument
calibration, sampling strategy, etc.), some of which are rather complex, all else being
equal it ultimately is our ability to fully describe the vertical column of precipitation
using radar measurements that determines the accuracy of radar rainfall estimation.

1.3

Organization of dissertation

The background and theory pertinent to answering the questions posed in this
study are provided in Chapter 2, which describes the conceptual models explaining the
distribution of liquid and ice within the two main types of precipitation. Chapter 2 also
explains the manner in which weather radar has been traditionally used to measure
rainfall and the challenges and techniques used to overcome them with focus given to the
impact of the melting layer on radar QPE. The next three chapters address the four
questions posed earlier.
Since each of these questions required slightly different techniques to analyze the
data, some context and the methods utilized are included at the beginning of each chapter.
Retrieval of the RSD parameters from the radar measurements are described in the
Appendix, which also includes an assessment of the retrieval errors. The first
question/hypothesis—a thicker and lower ML will produce larger raindrops—is
examined in Chapter 3. In Chapter 4, a new rainfall estimator based on reflectivity and
raindrop size is formulated from the dual-polarimetric retrievals and tested. Such an
estimator has application to rainfall estimation from dual-frequency radar techniques.
Dual-polarimetric radar depiction of the vertical distribution of precipitation is examined
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in Chapter 5. It includes the steps taken to characterize and describe VP3 behavior for a
range of rainfall rates. The impact of VP3 is also examined and a methodology proposed
to mitigate the impacts of VP3 on radar-based QPE.

Chapter 6 summarizes the findings

of this study and provides some suggestions to address the new questions precipitated by
the results presented herein.
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CHAPTER 2

BACKGROUND AND THEORY

The primary goal of this study is to improve current operational radar-based
approaches to QPE. Since dual-polarimetric radar is the primary tool used here, and
indeed now the primary tool of the U.S. operational weather radar network and most
research radar platforms, a brief overview of dual-polarimetric theory is necessary.
These principles provide the foundation needed to discuss how the vertical structure of
precipitation affects both single- and dual-polarimetric radar QPE as well as the
techniques that have been commonly utilized to help mitigate these problems. Since the
distribution of precipitation within cloud systems help govern rainfall patterns and
intensity at the ground and because scanning weather radar cannot provide measurements
at or very near the ground across its entire coverage area, it is necessary for radar QPE
purposes to understand the microphysics associated with the two conceptual archetypes
commonly used to describe precipitation. Furthermore, one of the key components to
this study involves examination of RSD variability, which can exhibit distinctly different
characteristics for these two types of precipitation.
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2.1

Vertical distribution of precipitation

Precipitation can be broadly categorized as one of two distinct types—stratiform
or convective (Houze 1993). Stratiform precipitation often appears in a radar display as
spatially broad and relatively homogeneous in its texture and from a dynamic perspective
is characterized by vertical air motions that are relatively weak in comparison to the fall
velocity of dominant precipitation types within them (i.e., vertical air velocities typically
< 1 m/s), whereas areas of convective precipitation are typically associated with more
spatially heterogeneous, and more vigorous vertical air motions that are sufficiently
strong enough to carry the bulk of rain and ice to high altitudes within the cloud (e.g.,
vertical air velocity > 5-10 m/s). As such, the distribution of liquid and ice particles (i.e.,
hydrometeors) is distinctly different between the two types and thus so is our ability to
retrieve specific precipitation characteristics in each structural type. The idealized
models for both types of precipitating systems are shown in Figure 2.1.

2.1.1

Stratiform precipitation
In the sub-freezing layers of stratiform clouds ice crystals grow under ice and

water saturated conditions primarily due to vapor deposition, and occasionally undergo
weak riming growth in the presence of super-cooled cloud liquid water (e.g., Mosimann
1995; Barthazy et al. 1998; Zawadzki et al. 2001; Heymsfield et al. 2002). The basic
habits (shapes) of ice crystals in this region are either plate or column-like, but can
assume much more complex branched and aggregated forms dependent upon the
temperature and humidity of their environment (Lamb and Verlinde 2011, chap. 8).
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Figure 2.1 Schematic of (top) stratiform and (bottom) convective type precipitation
systems (from Houze 1993). The stratiform system is horizontally expansive but
vertically shallow relative to the deeper and more discrete nature of the convective
precipitation system. Also, the convective cloud evolves over a much shorter time scale
than the stratiform as indicated by the times, t0,…tn, listed below the convective model.
The time it takes for rain to develop and reach the ground in convective precipitation is
on the order of 10-30 minutes, whereas it can take upwards of an hour or two in
stratiform precipitation.
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Crystals grow sufficiently large and fall at their terminal velocity (≈ 50-100 cm/s) into a
lower region of the cloud (≈ -12°C) where the ice crystal habit is dominated by dendrites,
whose intricately branched shapes enable them to become easily intertwined with other
ice crystals falling through the region. Thus this region of the cloud is where growth via
aggregation has been found to become increasingly dominant (e.g., Hobbs et al. 1974;
Heymsfield et al. 2002). Although the snowflakes grow larger in size, their typically low
density and numerous pores do not cause their terminal fall velocity to increase very
much with increasing size. The size of the snowflake increases greatly as they fall to
warmer temperatures, especially between altitudes around -5°C to 0°C, where they
develop a quasi-liquid layer (Furukawa et al. 1987; Rosenberg 2005) that enables them to
stick together more efficiently. Once they reach 0°C, they begin to melt and, as such,
become denser causing their terminal velocity to greatly increase (> 3-8 m/s). Thus upon
exiting the melting layer, the bulk of the raindrops have terminal velocities far exceeding
that of the vertical air motions that characterize the stratiform cloud just above and thus
these precipitating hydrometeors quickly fall to the ground.

2.1.2

Convective type
Due to the stronger vertical motions present within convective clouds,

comparatively larger, denser particles (larger rain drops, hail, etc.) will fall from/through
the updraft whereas the smaller, lighter-weight particles such as small drizzle or rain
drops, ice particles, snow, small graupel, etc. will be suspended by it (i.e., the updraft acts
as a size sorting mechanism). Thus a variety of hydrometeor types and sizes may coexist
throughout all levels of the cloud. The stronger vertical motions and attendant larger
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cloud water contents produced in convective clouds enable precipitation to form much
more rapidly than in stratiform clouds. The lower part of Figure 2.1 depicts the vertical
and temporal development of an idealized convective system. When developed in a cloud
prior to or exclusive of the ice process, raindrops form via the stochastic collision and
coalescence process of cloud liquid water droplets. The drops start out rather small (e.g.,
drizzle) with terminal velocities similar to that of snowflakes and are thus readily carried
upward in the cloud by the stronger vertical air motions. As they are carried upward,
they continue to grow via the collection of smaller liquid particles until they become too
heavy to be sustained by the updraft and fall to the ground. This is referred to as the
warm-rain process.
Convective clouds, especially those that occur over land, also often contain high
concentrations of ice crystals (e.g., Hobbs and Rangno 1985; Takahashi 2010).
Convective clouds that continue to grow vertically above the freezing level can introduce
a large number of cloud liquid water droplets into regions where ice crystals exist, which
then sets the stage for rapid precipitation-sized particle development. Rapid depositional
growth of ice in the supersaturated environment is often followed and/or accompanied by
accretion of cloud droplets, (i.e., a riming process). This enables the ice crystals to
increase their mass and density at a rate such that their terminal velocity quickly
increases, especially within more vigorous convective clouds containing high
concentrations of supercooled liquid water, and they fall to lower regions of the cloud. If
sufficient riming takes place, graupel may develop, and upon reaching the 0°C level,
these rimed particles begin to melt, some of which completely melt to form raindrops
before reaching the ground. Some of these hydrometeors may be recycled by the parent
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updraft or a neighboring cloud’s updraft, and freeze or re-freeze allowing further
accretional growth to take place such that it becomes a hailstone (Kennedy and Detwiler
2003). If these large, densely-rimed hydrometeors have sufficient time to melt, they can
form large or even giant raindrops (e.g., diameters > 5-8 mm; Gatlin et al. 2015).

2.1.3

Evolution of the raindrop size distribution
The rain DSD may be modified by several mechanisms—spontaneous breakup,

collision-induced breakup, coalescence, and evaporation. The largest raindrops may
quickly undergo spontaneous breakup due to the extreme hydrodynamic forces exerted
upon them. This in turn increases the number of smaller mm-sized raindrops and thereby
increases the chance for further collisions amongst the drop population. When raindrops
collide they may coalescence to form a single raindrop or breakup. Both breakup and
coalescence do not decrease the total amount of liquid water within the rain shaft;
instead, they redistribute the water mass contained in the raindrops across the size
spectra.
The total liquid water in the rain shaft decreases due to evaporation, which tends
to preferentially deplete the smaller raindrops falling within the precipitation shaft (Hu
and Srivastava 1995)and thereby reducing the total number of raindrops within the rain
shaft. In fact, evaporation and collisional processes have been found to impact dualpolarimetric radar QPE (Kumjian and Ryzhkov 2012; Kumjian and Prat 2014). For the
most part, collision-induced breakup and coalescence exert the largest influence
(McFarquhar 2010), but even this can be regime dependent (e.g., semi-arid regions where
sub-cloud evaporation can be significant). Since ground-based scanning radars may not
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fully sample the region below the melting layer, especially at distant ranges (Giangrande
and Ryzhkov 2008), and attenuation correction of space-borne radar measurements near
the ground as well as retrieval of near-surface rainfall rate can be difficult (Chandrasekar
et al. 2003; Iguchi et al. 2009), understanding the DSD evolution between the lowest
viable radar measurement and the ground is vital to obtain accurate radar estimates of
surface rainfall.

2.2

Radar measurement of rainfall

Although weather radar has long been used to estimate rainfall, dating back to the
1940s (Atlas and Ulbrich 1990), it continues to be a popular topic of research by many.
The motivating factor that has driven scientists to continually study rainfall retrieval with
weather radar is its capability to provide 3-D measurements, especially in data sparse
regions (i.e., those lacking rain gauge measurements). The current ground-based weather
radars used operationally by the National Weather Service can provide a measurement
every 250 m out to a distance of 300-400 km from the radar (Istok et al. 2009). However,
unlike rain gauges, weather radars do not provide direct measurements of rainfall.
Good quality rain gauge measurements are rather sparse across most of the globe
(Hossain and Lettenmaier 2006; Kidd et al. 2009; Schneider et al. 2014). Some estimate
that only about 64, 000 routinely reporting rain gauges are available for global
precipitation analysis (Kidd and Huffman 2011; Schneider et al. 2014), and even though
a few regions may have relatively dense operational rain gauge networks (e.g., Cifelli et
al. 2005; Kidd et al. 2012), there are still gaps within such networks (e.g., rural areas with
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low population density). Spatial correlation of the rainfall field reduces the size of these
gaps and enables the point measurements to be representative over a larger area (e.g.,
Villarini et al. 2008), but still not near the size of that measured with radar. Furthermore,
satellite-based radars can be used to provide measurements where rain gauges and
ground-based radars are not feasibly possible (e.g., over the ocean).

2.2.1

Radar theory and dual-polarimetry
Weather radars transmit bursts or pulses of electromagnetic energy at microwave

frequencies that travel through the atmosphere and interact with the atmospheric gases,
clouds and precipitation. Some of the particles encountered scatter a very small portion
of the original transmitted energy back towards radar. The average amount of power
returned to the radar, Pr, is given by the radar equation

𝑃𝑟 =

𝐶𝑃𝑡
∑ 𝜎𝑏 ,
𝑙2𝑟 2

(2.1)

where C is a constant that accounts for the radar characteristics (e.g., antenna gain, beam
pattern, wavelength, etc.), Pt is the transmitted power, l2 accounts for the two-way loss of
energy due to attenuation by gases, clouds and hydrometeors encountered, r is the
distance (or range) from the radar and Σσb is the sum of the backscatter cross sections of
all the individual particles over the radar resolution volume (used to define the radar
reflectivity, η). Under Rayleigh scattering conditions (i.e., particle diameter is less than
about 1/16 the radar wavelength) the radar reflectivity is related to the reflectivity factor,
Z, which is defined as
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∞

𝑍 = ∫ 𝑁(𝐷)𝐷6 𝑑𝐷,

(2.2)

0

where N(D) is the number concentration of particles with diameter, D, in the size interval
dD (i.e., the drop size distribution). Since it is a function of particle size, Z is the term of
interest for most radar applications.
Single-polarization weather radars emit and receive only one component of the
electric field, most typically horizontally polarized, and thus can only provide
information about the combined number and size of the raindrops. Dual-polarimetric
radars transmit and receive two orthogonal components of the electric field, which adds
the ability to determine hydrometeor size, shape, phase, and parameters of the
precipitation size distribution. Since dual-polarimetric radar enables the measurement of
the time-averaged backscattered polarization covariance matrix (Bringi and Chandrasekar
2001, chap. 3), it provides a means for better characterizing precipitation than singlepolarization radars.
Several radar observables can be defined from the covariance matrix at linear
polarization. The radar reflectivity factor at horizontal (h) and vertical (v) polarizations is
defined as

𝑍ℎ,𝑣 =

∞
𝜆4
∫
𝜎 (𝐷)𝑁(𝐷)𝑑𝐷,
𝜋 5 |𝐾|2 0 ℎ,𝑣

(2.3)

where λ is wavelength, |K|2 the dielectric factor that is a function of the complex index of
refraction of the particles, σh,v is the backscattering cross-sections at h and v polarizations
respectively. The integrand of (2.3) is equivalent to η measured by the radar. Under
Rayleigh conditions (i.e., D << λ), Zh,v is proportional to the sixth moment of the drop
17

size distribution (DSD), similar to (2.2). However, to calculate the radar reflectivity
factor, some assumptions about the particles within the measuring volume are required.
In common practice, it is assumed that the Rayleigh approximation holds and the
scattering volume consists solely of liquid water (i.e., no very large raindrops or melting
particles). Since these assumptions may not apply to all particles within the scattering
resolution volume, the measured radar reflectivity factor is referred to as the equivalent
radar reflectivity factor, Ze. It is defined as

𝑍𝑒 =

𝜆4
𝜂 ,
𝜋 5 |𝐾𝑤 |2 𝑅

(2.4)

where |Kw|2 is the dielectric factor for liquid water and ηR is the radar reflectivity
assuming Rayleigh scattering by spherical particles (i.e., the sixth moment of the DSD).
The ratio of the co-polar return powers at h and v polarizations (i.e., ratio of
horizontal and vertical reflectivity factors) gives the differential reflectivity (Seliga and
Bringi 1976),

𝑍𝐷𝑅

ℎ
𝑃𝑐𝑜
𝑍ℎ
= 10 log10 ( 𝑣 ) = 10 log10 ( ) ,
𝑃𝑐𝑜
𝑍𝑣

(2.5)

where Pcoh and Pcov are the co-polar return powers of horizontally and vertically polarized
transmitted waves, respectively. Since large raindrops tend to be more oblate, ZDR is a
measurement of the reflectivity-weighted mean axis ratio (Jameson 1983). Another
power-based radar observable is the linear depolarization ratio,

𝐿𝐷𝑅 = 10 log10 (
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𝑃𝑐𝑥

ℎ,𝑣 ),
𝑃𝑐𝑜

(2.6)

where Pcx is the cross-polar return power from a horizontally (or vertically) polarized
transmitted wave. Like ZDR, LDR also depends upon particle composition, size, shape
and orientation relative to the radar and relative to its vertical axis of symmetry (i.e.,
canting angle). Wet/mixed-phase hydrometeors and those undergoing significant riming
can markedly enhance LDR because these particles typically are canting, tumbling and/or
are irregularly shaped (Herzegh and Jameson 1992). The co-polar correlation coefficient,
ρco, at zero lag can provide some information similar to LDR. The magnitude of ρco is

𝜌ℎ𝑣 = |𝜌𝑐𝑜 | =

|𝑅𝑐𝑜 ∗ |
ℎ 𝑣
√𝑃𝑐𝑜
𝑃𝑐𝑜

,

(2.7)

where |Rco*| is the magnitude of the correlation between the complex co-polar return
signals. Since ρhv is a measure of the correlation between co-polar return powers, it
provides a means for examining the variability of hydrometeor phase, orientation, size
and shape (e.g., Balakrishnan and Zrnić 1990; Ryzhkov and Zrnić 1994).
Since LDR requires measurement of the depolarized component of the originally
transmitted wave, it cannot be measured simultaneously with other polarimetric variables
when radars simultaneously transmit and subsequently simultaneously receive both h and
v polarizations (e.g., UAH/WHNT ARMOR, NEXRAD). However such radars (i.e.,
those with simultaneous h and v on both transmit and receive—commonly referred to as
STAR mode), as well as for those that alternate between h and v transmission, can
measure ρhv. Some radars that typically operate in STAR mode are also capable of
measuring LDR but only when they transmit in single-polarimetric mode and receive in
dual polarimetric mode.
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The above power-based variables do not contain the only information provided by
dual-polarimetric radar. The differential phase propagation of the respective h- and vpolarized waves also yields important information regarding the precipitation medium
and is used to adjust the power-based variables that can be affected by attenuation,
especially at higher frequencies (e.g., C-band and above; namely Zh,v and ZDR). Dualpolarimetric radars also directly measure the total differential propagation phase shift,
𝜓𝐷𝑃 = Φ𝐷𝑃 + δ𝐷𝑃 ,

(2.8)

which is the sum of the differential propagation phase shift, ΦDP, and backscatter
differential propagation phase shift, δDP. The ΦDP is a range-accumulated function of the
specific differential phase shift, KDP, which is defined as

𝐾𝐷𝑃 =

180𝜆
𝜕Φ𝐷𝑃
∫ Re[𝑓ℎ (𝐷) − 𝑓𝑣 (𝐷)]𝑁(𝐷)𝑑𝐷 =
,
𝜋
2𝜕𝑟

(2.9)

where fh and fv are the forward scattering amplitudes for horizontally and vertically
polarized waves and ∂/∂r is the partial derivative with respect to range (Bringi et al.
1990). Thus in order to estimate KDP, ΦDP must first be integrated with range. However
the radar measures ΨDP, which is only equivalent to ΦDP for Rayleigh scattering. Since
ΨDP is noisy due to random measurement error and variations of δDP with range (e.g.,
Balakrishnan and Zrnic 1990; Meischner et al. 1991; Trömel et al. 2013), it is filtered
with range to produce a ΦDP that can be used to yield a realistic estimate of KDP (Hubbert
and Bringi 1995).
Under Rayleigh conditions, KDP is proportional to the product of the third moment
of the DSD (i.e., liquid water content) and the mass-weighted mean axis ratio (Jameson
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1985). Since KDP is proportional to liquid water content and the mass-weighted mean
axis ratio, while being immune to radar calibration, attenuation, and the presence of hail
(if ΨDP is filtered carefully), it can be a robust parameter for the detection of water
content in mixed phase precipitation (e.g., mixtures of rain and hail), and rainfall
estimation (also see Chandrasekar et al. 1990; Zrnić and Ryzhkov 1996; Matrosov et al.
2002).

2.2.2

Radar rainfall estimators
Radar reflectivity measurements are commonly compared against rain gauges in

order to derive empirical relationships that may then be applied to invert the radar
measurement into a meaningful property of the rainfall such as rainfall rate, R, or liquid
water content. The rainfall rate expressed as a function of RSD characteristics is defined
as

𝑅=

𝜋 ∞
∫ 𝑁(𝐷)𝑣𝑡 (𝐷)𝐷3 𝑑𝐷 ,
6 0

(2.10)

where vt(D) is the terminal fall velocity of a raindrop, which is a function of its diameter.
Comparing (2.10) with (2.2) we see that R can be obtained from Z if assumptions about
the mathematical form of the raindrop size distribution (RSD) are made (e.g., use of a
power law). Traditionally, the backscattered power received by the radar is converted to
Zh via (2.1) and (2.3) and then compared with the observed or simulated rainfall rate to
determine a Z-R relationship that takes the form
𝑍 = 𝑎𝑅 𝑏 ,
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(2.11)

where a and b are empirical constants. However, a variety of RSDs may be observed to
occur in natural rainfall, and thus no unique Z-R relationship exists. Battan (1973) lists
69 different Z-R relationships, and the selection of an inappropriate Z-R relation can lead
to errors exceeding 60% (Wilson and Brandes 1979). In practice, knowledge of the type
of precipitation feature being measured (e.g., convective, stratiform, tropical, continental)
has been utilized to select an “appropriate” Z-R relation (Zhang et al. 2011), but a great
deal of scatter can still exist due to intra-storm variability (e.g., Smith and Krajewski
1993; Tokay and Short 1996; Atlas et al. 1999) and even in the same radar scan (Petersen
et al. 1999).
Since dual-polarimetric measurements provide additional information about
hydrometeor characteristics (section 2.2.1) than conventional, single-polarization
measurements (e.g., Zh), they enable a much better radar rainfall estimate to be obtained
(Petersen et al. 1999; Ryzhkov et al. 2005b; Bringi et al. 2011). The three main dualpolarimetric rainfall estimators commonly used are
𝑅(𝑍ℎ , 𝑍𝐷𝑅 ) = 𝑐1 𝑍ℎ 𝑎1 100.1𝑏1 𝑍𝐷𝑅 ,

(2.12)

𝑅(𝐾𝐷𝑃 ) = 𝑐2 𝐾𝐷𝑃 𝑏2 ,

(2.13)

𝑅(𝐾𝐷𝑃 , 𝑍𝐷𝑅 ) = 𝑐3 𝐾𝐷𝑃 𝑎3 100.1𝑏1 𝑍𝐷𝑅 ,

(2.14)

where a, b and c are empirical constants. These constants are often determined by
conducting radar scattering calculations using measured or simulated raindrop size
distributions (e.g., Chandrasekar and Bringi 1988; Ryzhkov et al. 2005b; Islam 2014).
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2.2.3

Impact of the melting layer on radar QPE
When the radar beam intersects the melting layer, assumptions used to calculate

Ze can become invalid leading to a false enhancement in the measured reflectivity called
the radar “bright band” (Austin and Bemis 1950). The Ze in the bright band is typically
8 dB greater than that measured below it in the rain (Fabry and Zawadzki 1995), which
can result in overestimation of surface rainfall rate by a factor of two (using Z=200R1.6).
However, this overestimate can be three to four times greater for events with very intense
bright bands—13 to 16 dB Ze enhancements in the bright band have been observed
during heavy stratiform rainfall (e.g., Fabry and Zawadzki 1995). One method to reduce
the impact of this bright band feature on surface radar rainfall estimates below the
melting layer has been to apply a correction for the vertical profile of reflectivity (VPR).
The VPR has long been known to cause systematic errors of rainfall estimation
from scanning weather radar, and numerous attempts have been made to correct for it
(e.g., Joss and Waldvogel 1970, 1990; Koistinen 1991; Fabry et al. 1992; Andrieu and
Creutin 1995; Vignal et al. 1999). Some studies have demonstrated that application of
local VPR corrections can reduce radar QPE errors to less than 25% (Vignal et al. 2000;
Bellon et al. 2005). The VPR shown in Figure 2.2 represents what radar would measure,
on average, in the presence of widespread stratiform precipitation. Although there may
be variations in the intensity and height of the bright band feature, the overall shape of
the VPR has been well documented to take on that shown in Figure 2.2 (e.g., Joss and
Waldvogel 1990; Fabry and Zawadzki 1995). This shape represents a radar
measurement-specific manifestation of the physical processes that take place in stratiform
precipitation containing melting snow. Although the vertical structure of stratiform
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precipitation has already been covered in a previous section, we now discuss it in the
context of its effect on radar measurements.
The enhancement of Ze in the melting layer can largely be attributed to a change
in refractive index of particles as they melt. The assumption of liquid water, which is
used to calculate Ze, is of course not valid above the 0°C height. Ice has a much lower
dielectric factor—0.18 for ice versus 0.93 for liquid. Thus Ze measured for snow above
the 0°C height is less than that measured in the rain. An initial increase in Ze around the 5° to 0°C height region (Figure 2.2) is caused by the aforementioned increase in size of
snowflake aggregates as they near the melting layer (section 2.1.1). The greater
enhancement of Ze comes as the snowflakes begin to melt. A melting snowflake consists
of a complex mixture of ice, air and water that varies as it melts, changing its refractive
index and hence the radar backscattering cross-section (i.e., σb). This effect combined
with an increase in density from ice to liquid is responsible for about a 6.5 dB increase in
Ze across the melting layer. The decrease of Ze below the bright band peak is largely due
to the increase in fall velocity of particles traversing the melting layer (section 2.1.1),
which decreases the particle concentrations, and it can account for about 5-6 dB decrease
of Ze (Fabry and Zawadzki 1995). However, observations suggest other factors must
contribute to explain the Ze enhancement in the melting layer, such as the distribution of
water within the melting particle, particle shape and to a lesser extent
aggregation/breakup within the melting layer (e.g., Fabry and Zawadzki 1995;
Drummond et al. 1996; Barthazy et al. 1998; Fabry and Szyrmer 1999; Zawadzki et al.
2005).
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Figure 2.2 Idealized schematic of the vertical profile of reflectivity (VPR) observed by
scanning weather radar within stratiform precipitation. The enhanced radar reflectivity in
the melting layer (i.e., radar bright band) can lead to an overestimation of surface rainfall.
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Since the bright band is a radar manifestation of the melting layer, which
produces the initial raindrop size distribution, bright band characteristics can be indirectly
related to rainfall properties observed at the ground. Several studies have observed larger
raindrops at the ground tend to occur beneath more intense bright bands (Waldvogel
1974; Huggel et al. 1996; Brandes et al. 2004; Sharma et al. 2009). On the basis of this
finding, Huggel et al. (1996) used the strength of the bright band (i.e., ratio of Ze
measured in the bright band to that measured in the rain below) to adjust the radar rainfall
rate near the ground (actually at 850-900 m AGL). They indicate such radar adjustments
can be used to reduce the residual-mean-square (rms) difference between the observed
rainfall rate and that estimated from radar by 20% compared to the standard Z-R radar
estimate.
Dual-polarimetric radar QPE is not immune to the effects of the melting layer
since all power-based parameters are enhanced in this region. Even phase-based
parameters such as KDP can exhibit unusual departures (Brandes and Ikeda 2004). Thus
several studies have shown the presence of a melting layer can also degrade the
performance of dual-polarimetric radar QPE (Giangrande and Ryzhkov 2008; Vulpiani et
al. 2012; Kalogiros et al. 2013). Fortunately additional information provided by dualpolarimetric radar about hydrometeor characteristics has made it possible to better
identify melting layer boundaries within the radar measurements (Brandes and Ikeda
2004; Tabary et al. 2006; Giangrande et al. 2008; Shusse et al. 2011). More robust
detection of the ML boundaries pave the way for making a more physically-based
connection between melting layer characteristics and the RSD observed at the ground,
which is one of the objectives of this study.
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2.2.4

Dual-polarimetric signatures of the melting layer
Several of the dual-polarimetric variables exhibit distinct signatures within and

near the melting layer. Figure 2.3 shows vertical profiles of radar measurements through
a stratiform region observed during field campaigns in Germany (Hagen et al. 1993) and
Oregon (Brandes and Ikeda 2004). In addition to the reflectivity “bright band”, the most
prominent signatures of mixed-phase precipitation are seen in ρhv and LDR, which
exhibit a marked decrease and increase, respectively, immediately below the 0°C level.
The vertical velocity measurements from a Doppler radar used in the German field
campaign show a marked increase in fall speed beginning just below the 0°C height,
consistent with the presence of melting snow. The vertical velocity measurements stop
increasing around 1.5 km, which is just below a maximum in ZDR and nearly coincident
with the bottom of the LDR enhancement (located around 1.7 and 2 km in the two
profiles shown in Figure 2.3).
The ZDR peak is typically positioned near the bottom of the ML below
corresponding melting-related extrema of Ze, ρhv and LDR (Zrnic et al. 1993; Hagen et al.
1993; Brandes and Ikeda 2004; Tabary et al. 2006; Giangrande 2007). It may indicate
the height at which melting of the largest aggregates concludes and the largest raindrops
reside. This is akin to the final stage of snowflake melting described by Mitra et al.
(1990) as the point at which the main ice frame of the snowflake collapses and the
remaining melt water assumes the raindrop shape. Furthermore, aircraft observations
near the bottom of the ML have found large water coated aggregates may coexist with
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Figure 2.3 Dual-polarimetric profiles through stratiform precipitation. (top-left) LDR,
ZDR, ZH from C-band dual-polarimetric radar (POLDIRAD) and vertical velocity (VCW)
from a 1.23 GHz vertically pointing radar and (top-right) particle images obtained by
aircraft probe during a field study in Germany (adapted from Hagen et al. 1993 by Franco
et al. 2007). (bottom) Measurements from NCAR S-band radar at a range of 10 km
during a field study in Oregon (from Brandes and Ikeda 2004).

28

large raindrops (e.g., Willis and Heymsfield 1989; Hagen et al. 1993; Heymsfield et al.
2002; McFarquhar et al. 2007). Since ZDR is a reflectivity-weighted measure, the large,
water coated aggregates that can survive the furthest distance below the 0°C level (Mitra
et al. 1990; Heymsfield et al. 2015) may contribute to the increase of ZDR in the ML.
Also, raindrops that quickly take on an oblate shape (i.e., small axis ratio) due to the
hydrodynamic forces exerted upon them as they fall (Pruppacher and Pitter 1971; Beard
and Chuang 1987) can contribute to the ZDR enhancement within the ML. The largest
raindrops may become too unstable or may collide with smaller raindrops such that
breakup occurs and thereby reduces ZDR. The ZDR melting-related signature would not be
as discernable at high radar antenna elevation angles (e.g., a ZDR of 1.5 dB would be
reduced 0.5 dB or more at elevations exceeding 35-40°) due to the ZDR dependency on
elevation angle (Jameson 1987; Vivekanandan et al. 1991; Ryzhkov et al. 2005a).
Some studies (e.g., Zrnic et al. 1993; Brandes and Ikeda 2004) have also observed
an increase in KDP (or ΦDP) within the melting layer, similar to that at 2 km in Figure 2.3,
and attribute it to an increase of δDP due to the non-Rayleigh scattering that occurs in this
region, which indicates the presence of large particles ( > 8-10 mm in diameter at Sband). At C-band radar frequencies, KDP may be even more enhanced in the melting
layer since resonance effects occur for particles with diameters around 5.5-7 mm (Zrnić
et al. 2000). However, Brandes and Ikeda (2004) indicate that ΦDP was occasionally
noisy in the melting layer and suggest it not be used in any melting layer identification
algorithms.
Since not all dual-polarimetric radars are cable of measuring LDR during routine
operations, ρhv has served as the basis for several melting layer identification algorithms
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(Tabary et al. 2006; Matrosov et al. 2007; Giangrande et al. 2008). In the melting layer,
the wide diversity of hydrometeors reduces the ρhv from typical values of 0.98-1.0 in
more homogeneous regions of precipitation (e.g., rain below the melting layer). To avoid
contamination by non-meteorological echoes that can also exhibit low ρhv values, the
traditional melting layer enhancement in reflectivity (i.e., “bright band”) has been
employed alongside ρhv (Giangrande et al. 2008). For horizontally-scanning, dualpolarimetric radar, Giangrande et al. (2008) also utilized ZDR to aid in identification of
melting snow. These three parameters—ρhv, Ze, and ZDR—have been the basis of melting
layer detection algorithms intended for use with operational dual-polarimetric weather
radars (Giangrande et al. 2008; Boodoo et al. 2010).
Although, a ρhv minimum and ZDR maximum near the 0°C level have also been
observed in convection embedded within widespread stratiform rainfall (e.g., Teshiba et
al. 2009; Shusse et al. 2011), these operational methods may not always be able to
successfully identify a ML in convective precipitation. The complex distribution of ice
and liquid hydrometeors throughout a greater depth of deep, precipitating convective
clouds complicates interpretation of the radar signatures. Shusse et al. (2011) found that
only 54% of convective regions within a widespread rainfall system contained melting
layer signatures identifiable with dual-polarimetric radar compared 83% of the stratiform
regions.
In this study we focused on the variability of rainfall in stratiform precipitation,
whose rainfall characteristics are often considered very homogenous in nature. We
address one such aspect of this assumption by using dual-polarimetric radar
measurements to physically relate characteristics of the melting layer to the variability of
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rainfall within the vertical column, which has implications for improving radar QPE. A
related problem that we aim to address is the vertical variability of dual-polarimetric
radar measurements, which little exists in the published literature to date, and resultant
impacts on radar QPE.

31

CHAPTER 3

MELTING LAYER IMPACT ON RAINDROP SIZE DISTRIBUTION

Raindrops often develop from the melting of precipitation-sized ice hydrometeors.
For example, melting snowflakes are a common source of rainwater in stratiform
precipitation. Thus characteristics of the melting layer (ML) prescribe the initial state of
the raindrop size distribution (RSD), and as such, measurements of the ML may provide
additional information beneficial to radar quantitative rainfall estimation. It is
hypothesized that a relatively thick ML (and/or low ML) produced by stratiform
precipitation results in larger raindrops. Several studies have found that larger raindrops
were observed at the ground beneath the more intense radar reflectivity bright bands (e.g.,
Waldvogel 1974; Huggel et al. 1996; Brandes et al. 2004; Sharma et al. 2009). However,
the bright band is a radar measurement-based manifestation of the ML, which indicates
bright band characteristics can only be used to indirectly describe rainfall intensity. Thus
there is a lack of quantitative evidence directly relating ML properties to the RSD and its
evolution.
The contents of this chapter examine characteristics of the ML and their
relationship to the RSD variability. Dual-polarimetric radar measurements obtained
during RHI scans were used to closely map the ML boundaries. The radar-estimated ML
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characteristics were compared with disdrometers and radar-inferred vertical profiles of
DSD characteristics to investigate the effect of ML evolution on raindrops as they fell to
the ground.

3.1

Data and methods to examine the RSD and melting layer

In order to examine the RSD response to changes in the melting layer, we
employed dual-polarimetric radars and disdrometers. An overview of these instruments
and techniques we employed to extract the melting layer and RSD characteristics are
discussed in this section. It also contains background information to support our
reasoning for using such techniques.

3.1.1

Instrumentation and data collection
Over 90% of the radar data examined in this study were obtained with the

Advanced Radar for Meteorological and Operational Research (ARMOR) located in
Huntsville, Alabama and jointly owned and operated by the University of Alabama in
Huntsville (UAH) and WHNT-TV, which is a local television station in Huntsville. The
UAH/WHNT ARMOR is a dual-polarimetric Doppler radar that operates in the C-band
frequency range (Petersen et al. 2005) and is hereafter referred to as “ARMOR”. A
description of the dual-polarimetric variables was provided in Chapter 2. Data collected
with NASA’s dual-polarimetric S-band frequency radar, hereafter referred to as NPOL
(Gerlach and Petersen 2011), during the Iowa Flood Study (IFloodS), which took place in
eastern Iowa during the spring of 2013, was also used to examine changes in the ML.
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Some details of both radars and their configurations for the datasets used in this study are
provided in Table 3.1.
Retrieval of the vertical RSD from ARMOR and NPOL was obtained at a
distance of 15- and 30-km, respectively, from range-height indicator (RHI) scans that
were repeated at least every 1-2 minutes. These distances were selected due to the
presence of in-situ measurement of raindrops at the ground. Furthermore, each RHI scan
was configured using 0.1°-0.2° spacing between elevation angles to oversample the
vertical dimension. This scanning strategy allowed the RSD profiles to be obtained with
a high degree of vertical resolution and, for some precipitation events, a relatively high
degree of temporal resolution as well. At 15- and 30-km ranges, the vertical resolution is
roughly 50 m and 104 m, respectively.
Two-dimensional video disdrometers (2DVD; Schönhuber et al. 2008), were used
to obtain RSD measurements at the ground. The 2DVD is an optical disdrometer that
uses two line-scan cameras to provide orthogonal measurements of raindrop size and
shape (Schönhuber et al. 2008). The fields of views overlap to form a 10 cm x 10 cm
measurement area with a resolution of 0.2 mm. Since the field of view of each camera is
vertically offset by 6-7 mm, the raindrop fall velocity can also be directly measured.
Routine calibration is performed to ensure the vertical separation between the two fields
of views is accurately known so that the instrument provides a precise measure of particle
diameter and fall velocity.
The 2DVDs we used included a low-profile version owned by Colorado State
University (CSU) and several compact versions owned by NASA that were all deployed
at the National Space Science and Technology Center (NSSTC) on the UAH campus in
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Table 3.1 Characteristics of the dual-polarimetric radars used in this study.

ARMOR
Frequency

5625 MHz

Peak transmitted power

350 kW

Pulse duration

0.8 µs

Pulse repetition frequency

1200 Hz

Number of samples per bin

128

Beamwidth (3 dB)

1.07°

Antenna

3.7 m diameter; Center Feed Parabolic

Range resolution

125 m

Polarization

Simultaneous Transmit/Receive of h and v

NPOL
Frequency

2790-2810 MHz

Peak transmitted power

850 kW

Pulse duration

0.8 µs

Pulse repetition frequency

1100 Hz

Number of samples per bin

72

Beamwidth (3 dB)

0.95°

Antenna

8.5 m diameter; Center Feed Parabolic

Range resolution

150 m

Polarization

Simultaneous Transmit/Receive of h and v
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Huntsville, Alabama. Both versions of the 2DVD are similar in height, and the compact
version is the newer generation that has a slightly smaller footprint and updated
electronics (Schönhuber et al. 2008). The 2DVD dataset is largely composed of
measurements at the NSSTC with CSU’s low-profile 2DVD, which was installed and
began data collection there in mid-2007. We also used NASA’s Global Precipitation
Measurement Mission (GPM; Hou et al. 2014) Ground Validation (GV) compact type
2DVDs deployed in Iowa for IFloodS.

3.1.2

Radar Identification of the ML
Many have used the radar reflectivity bright band to depict the ML, but the bright

band is expected to overestimate ML thickness. It is heavily weighted by the larger size
particles present around the ML, not only the melting ones (e.g., the large aggregates
present immediately above the ML). However, the bright band is a distinct feature of
stratiform precipitation and thus should not be completely disregarded in our search for
ML boundaries. As discussed in Chapter 2, the dual-polarimetric radar parameters ρhv
and LDR inherently provide a measure of hydrometeor variability within the sampling
volume, and thus should be more suitable for representing ML boundaries than the bright
band, which is based solely on Ze. For rain and dry snow, ρhv is typically very near unity,
but within mixed-phase precipitation, the ρhv decreases to values below 0.98 (Caylor and
Illingworth 1989; Balakrishnan and Zrnic 1990; Giangrande et al. 2008). Near the
bottom of the melting layer, ZDR often exhibits a local maximum due to the small axis
ratios of the large, melting/ed hydrometeors. A combination of these dual-polarimetric
signatures and the reflectivity bright band were used to identify the ML.
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It was not the purpose of this study to introduce a new ML detection algorithm for
radar. Many other studies have already devised ML detection algorithms using dualpolarimetric radar measurements (e.g., Matrosov et al. 2007; Giangrande et al. 2008;
Shusse et al. 2009; Boodoo et al. 2010). Thus to map the ML boundaries, techniques
similar to that devised by Giangrande et al. (2008) and extended to C-band Boodoo et al.
(2010) were used. An outline of the logic employed to determine the ML top and bottom
for this study is shown in Figure 3.1.
As a starting point to find the ML top, vertical temperature profiles from nearby
RUC model analysis were employed to complement the radar measurements. If the
temperature near the ground was warmer than 0°C, the radar profiles are checked for the
presence of mixed-phase hydrometeors. Since Giangrande et al. (2008) and (Boodoo et
al. 2010) found the radar inferred ML top may differ as much as 700 m from the 0°C
height of the model analysis, a search window of 1 km around the model analyzed 0°C
height was used to find the height at which ρhv < 0.98 above the bright band (i.e.,
maximum Ze closest to 0°C height). This height was defined as the ML top as long as a
local ρhv minimum was measured within the bright band region. To find the ML bottom,
the search continued downward until ρhv exceeded 0.98 beneath the bright band peak.
This height was defined as the ML bottom. Since C-band frequency radars can achieve a
minimum ρhv of 0.94 in rain when large raindrops are present (Aydin and Giridhar 1992;
Baldini et al. 2005), the ML bottom was defined as the average of the lowest height
beneath the minimum ρhv where ρhv < 0.94 and the highest height beneath the minimum
ρhv where ρhv > 0.98. The ML bottom is also used to consider impacts of ML proximity
to ground on the RSD.
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Figure 3.1 Method for determination of melting layer boundaries from dual-polarimetric
radar RHI scans.
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Table 3.2 Performance of ML identification from ARMOR RHI scans relative to the
XPR estimates of the ML.

Statistic

ML Top

ML bottom

Number of days

22

22

Bias [m]

221

-241

RMS Error [m]

282

319

Standard deviation [m]

166

208

Pearson correlation coefficient

0.98

0.98

Although algorithm development for ML identification is not the focus of this
study, selection of the ML boundaries does play a key role in the study and thus it was
necessary to determine the uncertainty in the estimates of ML bottom and thickness.
There were twelve stratiform precipitation events that ARMOR performed RHI scans
over the UAH X-band profiling radar (XPR), which is 15 km from ARMOR and colocated with some of the disdrometers used in this study. The vertical measurements
collected by the XPR during these 12 events provided an excellent signature of
hydrometeor melting at a vertical resolution of 50 m. The greatest amount of curvature in
vertical velocity above and below the peak of the radar bright band were defined as the
top and bottom of the ML, respectively (Zrnić et al. 2000). The statistics of the ML
comparison for the twelve events are given in Table 3.2. The ARMOR estimated ML top
was biased by 221 m with a root mean square (RMS) error of 282 m relative to the XPR

39

estimates. The ARMOR estimate of ML bottom was biased -241 m with an RMS error
of 319 m. These statistics are consistent with the performance of other dual-polarimetric
ML identification algorithms (e.g., Brandes and Ikeda 2004; Giangrande et al. 2008;
Boodoo et al. 2010). Assuming that the XPR vertical velocity profiles represent “truth”,
we adjusted the ML boundaries estimated from dual-polarimetric RHI scans at 15 km
range for their respective biases and then used the bias-corrected data in subsequent
comparisons for examining RSD characteristics. An example from 6 March 2011 is
given in Figure 3.2 and shows the bias corrected ML top and bottom estimated with the
dual-polarimetric radar closely follows that estimated from the XPR.
Additional adjustment of the ML estimates was required to account for slanted
precipitation trails found to be present in the RHI scans (e.g., Figure 3.3). Precipitation
trails, or fall streaks, in radar profiles are the result of wind shear effects on the size
sorting of falling raindrops (Marshall 1953). They can have an adverse impact on the
microphysical interpretation of radar measurements (Gunn and Marshall 1955; Yuter and
Houze 1997; Kumjian and Ryzhkov 2012). The vertically curved regions of enhanced Ze
emanating from the bright band in Figure 3.3 are precipitation trails. Here the
precipitation trail at 15-17 km range can be clearly traced upwards (follow dotted line) to
a locally thick radar bright band. If this slanted precipitation trail is not accounted for
when relating the observed RSD at the ground to the radar based ML characteristics,
results will be largely biased. For example, Figure 3.3b shows the vertical profile of
reflectivity (VPR) and pseudo-VPR (i.e., adjusted for the precipitation trail) obtained by
following the dashed and dotted lines in Figure 3.3a, respectively. The ML top and
bottom in Figure 3.3b were determined from the dual-polarimetric measurements. The
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Figure 3.2 A time-height series of equivalent reflectivity measured by the UAH
vertically pointing X-band radar (XPR) during the 6 March 2011 stratiform rainfall event
in Huntsville, AL. The melting layer boundaries estimated from dual-polarimetric radar
RHI scans are indicated with an “X”. The open rectangles are the median height of the
melting layer boundaries estimated from vertically pointing radial Doppler velocity
measurements every 5 minutes (squares) and the error bars represent the interquartile
range.
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(a)

Figure 3.3 (a) A radar RHI scan of equivalent reflectivity shows precipitation trails
emanating from the melting layer, which is depicted by the radar bright band. The dotted
line represents the backward trajectory of raindrops observed at the ground to their origin
beneath the thicker portion of the melting layer. The dashed line represents the vertical
profile not adjusted for the precipitation trail (dotted line). (b) The vertical profiles of Ze
at a range of 15 km from the RHI in panel a. The solid red line is the vertical profile of
reflectivity (VPR) corresponding to the dashed line in panel a. The pseudo-VPR was
taken along the precipitation trail (dotted line in panel a). The corresponding dualpolarimetric based ML top and bottom for two profiles are also drawn, and the darker
lines represent the ML determined from the pseudo-VPR.
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non-adjusted profile results in a much higher and thinner ML than would be estimated
from the pseudo-vertical profile. The ML characteristics estimated from the RHI scans
were obtained by following the precipitation trails upward from the ground to its source
region above the ML.
Furthermore, the radar samples obtained at each height were averaged over a 3
km horizontal distance centered on the slanted precipitation trail to reduce large gate-gate
fluctuations in the measured ZDR, which can be noisy at C-band (e.g., Bringi et al. 2006,
2009; Thurai et al. 2012). This implicitly assumes that the precipitation characteristics
were homogenous over a 3 km distance, which is a reasonable assumption for stratiform
rainfall, especially for radar retrievals of the characteristic raindrop diameter that can
exhibit a spatial correlation exceeding 0.8 at distances of 3- to 30-km (Lee et al. 2009;
Bringi et al. 2015).

3.1.3

RSD model
A form of the gamma probability distribution function is commonly used to

describe RSD spectra (e.g., Ulbrich 1983; Chandrasekar and Bringi 1987; Tokay and
Short 1996; Atlas and Ulbrich 2000). It is typically modeled as a three parameter
function of drop diameter, D, given by
𝑁(𝐷) = 𝑁0 𝐷𝜇 exp(−ΛD) ,

(3.1)

where N0, Λ and µ are the intercept, slope and shape parameters, respectively. The slope
parameter can be related to a characteristic diameter of the untruncated RSD spectrum—
the median volume diameter (D0) or the mass-weighted mean diameter (Dm)—via the
approximate expressions
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Λ𝐷0 = 3.67 + 𝜇,

(3.2)

Λ𝐷𝑚 = 4 + 𝜇 .

(3.3)

These expressions are accurate to within 0.5% for µ > -3 (Ulbrich 1983), which is
generally a lower limit of most gamma DSD shapes (e.g., Ulbrich and Atlas 1998; Testud
et al. 2001; Adirosi et al. 2015). The ratio of the fourth and third moments of the RSD
defines Dm. Whereas, D0 is the drop diameter that divides the liquid water content of the
spectrum into two equal parts (i.e., all drops less than D0 contain half the liquid water and
those exceeding D0 contain the other half). Although Dm and D0 are not equivalent, they
are very close and are both commonly used to describe the RSD (e.g., Ulbrich and Atlas
1998; Bringi et al. 2003).
This gamma model is also widely used in radar retrieval of RSD (Bringi and
Chandrasekar 2001; Zhang et al. 2001; Gorgucci et al. 2002; Brandes et al. 2004; Kim et
al. 2010), albeit typically using only two parameters via constrained methods (Zhang et
al. 2001; Brandes et al. 2003) or normalization techniques (Bringi et al. 2002). The
normalized gamma RSD model is defined as (Testud et al. 2001; Bringi et al. 2003)
𝐷

𝜇

𝐷

𝑁(𝐷) = 𝑁𝑤 𝑓(𝜇) (𝐷 ) exp [−(4 + μ) 𝐷 ],

(3.4)

6 (4 + 𝜇) 𝜇+4
.
44 Γ(𝜇 + 4)

(3.5)

𝑚

𝑚

where

𝑓(𝜇) =

The normalized intercept parameter, Nw, is a function of the liquid water content,
W, and Dm,
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44 103 𝑊
𝑁𝑤 = ( 4 ) mm−1 m−3
𝜋
𝐷𝑚

(3.6)

and is equivalent to N0 of an exponential RSD (e.g., Marshall and Palmer 1948)
characterized by the same W and Dm (Testud et al. 2001). The units of Nw are not a
function of the shape parameter which makes Nw more intuitive to use than N0. Thus the
normalized gamma model given by (3.4) is used in this study to describe the RSD spectra
and utilized to formulate empirical relationships for the retrieval of Dm and Nw from radar
measurements.

3.1.4

Radar retrieval of RSD
Retrieval of RSD characteristics from dual-polarimetric radar measurements is

largely based upon the shape of raindrops (Seliga and Bringi 1976). Raindrops are
spherical unless they are larger than about 1 mm in diameter, in which case, they tend to
have a larger major axis than minor axis (i.e., oblate spheroids; Pruppacher and Pitter
1971; Beard and Chuang 1987; Thurai and Bringi 2005). Applying the Rayleigh-Gans
approximation to (2.3) for a raindrop with a vertically aligned axis of symmetry, the
relatively oblate shape of the raindrop enables ZDR to be related to the axis ratio, r, via the
approximate expression
7

10

−0.1𝑍𝐷𝑅

7⁄
∫ 𝑟 ⁄3 𝐷6 𝑁(𝐷)𝑑𝐷
3〉
〈𝑟
≈
=
,
𝑍
6
∫ 𝐷 𝑁(𝐷)𝑑𝐷

(3.7)

where <rZ> is the reflectivity factor-weighted mean axis ratio (Jameson 1983). Therefore
Dm can be obtained from ZDR using a model that relates a raindrop’s shape to its size
(e.g., Andsager et al. 1999; Brandes et al. 2002; Thurai and Bringi 2005). Since ZDR is
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not directly related to the mean RSD diameter (i.e., it is the reflectivity-weighted axis
ratio), empirical fits, often in the form of power-laws, are formulated from radar
scattering calculations (Vivekanandan et al. 1991) performed on observed or simulated
RSD datasets (e.g., Zhang et al. 2001; Bringi et al. 2003). Gorgucci et al. (2002) have
shown that D0, which is very similar to Dm (see equations [(3.2) and [(3.3)]), can be
estimated from simulated radar measurements with an accuracy less than 10% for
D0 > 1 mm. However, the statistics reported by these earlier studies may not be complete
since they did not consider the amount of uncertainty associated with the
parameterization of Dmax used in the retrieval process, which can cause D0 retrieval errors
of 14-22% or higher at C-band radar frequencies (Carey and Petersen 2015).
The radar RSD retrieval equations used were formulated from 2DVD raindrop
measurements collected in Huntsville, Alabama, and eastern Iowa during IFloodS (see
Appendix). Some filtering of the 2DVD measurements was performed using
environmental temperature, particle fall speed and shape, similar to Gatlin et al. (2015),
to mitigate any non-rain particles from being included in the 1-minute RSD spectra used
for the scattering calculations. A summary of the filtered datasets is provided in
Table 3.3. The parameters Dm and Nw were calculated directly from each measured 1minute RSD spectrum following the method used by (Testud et al. 2001) with the added
requirement that integration of the RSD was performed between the minimum and
maximum diameters measured each minute.
The numerical scattering solutions for these 1-minute gamma RSDs were
obtained utilizing the transition matrix, aka T-matrix, method (Waterman 1965; Barber
and Yeh 1975) to compute the phase and amplitude of the wave scattered by a raindrop
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Table 3.3 Overview of 2DVD rainfall measurements used in this study.

Location

Observation Period

Number of

Number of

Total 1-min

Rainfall

Total Rainfall

2DVDs

raindrops

RSD Spectra

Rates

Accumulation

deployed

( x 106)

(N ≥ 100)

(mm/hr)

(mm)

(YYYY-MM-DD)

Huntsville, AL

2007-07-07 to 2013-12-09

4

75.3

109,969

0.006-157.4

5,903

Eastern Iowa

2013-04-60 to 2013-06-16

6

16.3

24,900

0.006-121.2

970.5

(IFloodS)
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(i.e., a 2 x 2 scattering matrix) as a result of an incident electromagnetic wave (Bringi and
Chandrasekar 2001, appendix 3). This scattering matrix was simulated at a given radar
elevation angle for a distribution of raindrops with given dielectric characteristics,
orientation and canting angles to construct a 4 x 4 ensemble-averaged Mueller matrix that
describes the intensity and polarization of the scattered wave (Vivekanandan et al. 1991).
The dual-polarimetric variables, including Zh and ZDR, were calculated from elements of
the Mueller matrix (section 2.2.1).
The T-matrix/Mueller matrix approach has been widely used to simulate dualpolarimetric radar variables (e.g., Vivekanandan et al. 1991; Zhang et al. 2001;
Anagnostou et al. 2006; Adirosi et al. 2014; Carey and Petersen 2015). The following
assumptions were used in the scattering calculations: 1) raindrop shapes from the 80 m
bridge experiment (Thurai and Bringi 2005); 2) raindrops have a Gaussian canting angle
distribution with a mean and standard deviation of 0° and 8°, respectively (Huang et al.
2008); 3) Dmax = 3Dm to be representative of most DSDs, especially those containing
large raindrops in light rainfall (e.g., Keenan et al. 2001; Gatlin et al. 2015; Carey and
Petersen 2015); 4) raindrop temperature is represented by the mean daily temperature
near the location of each 2DVD; 5) radar antenna elevation angle of 0°. Only 1-minute
spectra containing at least 150 raindrops were used in the scattering simulations to reduce
variability in the simulated radar parameters. The results of the scattering simulations
were compared with the 2DVD raindrop measurements to determine the empirical fits
required to retrieve RSD parameters from the radar measurements. Further details of the
fitting technique and retrieval equations are provided in the Appendix.
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The uncertainties associated with the simulated Dm and Nw retrievals from
ARMOR and NPOL are given in Table 3.4. The overall uncertainty in the ARMOR and
NPOL estimates of Dm is 8% and 12%, respectively. The uncertainty is greatest for
Dm < 1 mm and less than 6-8% to for 1.2 mm < Dm < 2.4 mm, which is consistent with
other radar retrievals of RSD at S-band and C-band (e.g., Gorgucci et al. 2002; Brandes
et al. 2003; Thurai et al. 2012a; Carey and Petersen 2015). The overall uncertainty in the
ARMOR and NPOL estimates of Nw is 18% and 34%, respectively. About 53% of the
NPOL Nw retrieval was attributed to radar measurement error.

3.2

RSD response to changes in the melting layer

Over 2,800 minutes of radar RHI scans and 2DVD measurements were examined
to estimate the ML and RSD characteristics during 36 days of stratiform precipitation.
These cases consisted of widespread stratiform events produced by mesoscale convective
complexes, synoptic scale lift (e.g., warm front) and two tropical systems. About 81% of
the MLs estimated from the RHI scans were 100 m to 600 m thick (Figure 3.4a), whereas
the wide and multi-modal distribution of ML heights clearly reflected changes in the
seasonal temperature profile (Figure 3.4b). Nearly 75% of ML bottoms were 1000 m to
2800 m above ground level (AGL) and roughly 20% were obtained during the remnants
of two tropical cyclones that had ML bottoms 3500 m to 4000 m AGL. The mean ML
thickness estimated from dual-polarimetric RHI scans and adjusted for biases (Table 3.2)
was 352 m with a standard deviation of 196 m. The bright band was also mapped (Fabry
and Zawadzki 1995) in order to examine its ability to represent the ML boundaries. The
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Table 3.4 The uncertainty in Dm and Nw retrievals from the simulated radar
measurements using 30% of the RSD observations (i.e., the validation dataset) listed in
Table 3.3.

𝐷̂
𝑚

Radar

̂𝑤
𝑁

RMSE (mm)

CV(RMSE)

RMSE (mm-1m-3)

CV(RMSE)

ARMOR (Huntsville, AL)

0.101

7.980%

1374

17.64%

NPOL (Iowa)

0.138

11.66%

3972

34.19%

1

2
𝑅𝑀𝑆𝐸 = √𝑁−1 ∑𝑁
𝑖=1(𝑌𝑒 − 𝑌) , where N is the number of samples in the holdout dataset,

Ye is the estimated value from the retrieval model and Y is the observed value.
𝐶𝑉(𝑅𝑀𝑆𝐸) = 𝑅𝑀𝑆𝐸/〈𝑌〉 × 100%, where <Y> is the mean of the observed values.
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top of the bright band was an average of 100 m higher than that of the dual-polarimetric
estimate of ML top, and the bottom of the bright band was 80 m lower than that of the
dual-polarimetric estimated ML bottom. The average bright band thickness was around
500-550 m, similar to that found by (Fabry and Zawadzki 1995)

3.2.1

Response of Dm at the ground to ML changes
The raindrop sizes measured at the ground with 2DVDs located about 15 km

away from the ARMOR radar were also plotted in Figure 3.4. There was an increasing
trend in Dm at the ground with increasing ML thickness (Figure 3.4c), especially for the
more frequently observed ML thicknesses (150-750 m). The correlation between the
mean Dm and ML thickness was 0.95 (Figure 3.5a). The Dm trend did not exhibit an
overall increase across the entire range of estimated ML bottom heights (Figure 3.4d).
The MLs exceeding 3500 m AGL were associated with greater Dm than MLs below
1500 m AGL. However, the multi-modal distribution of the ML heights somewhat
masks the decrease of Dm with increasing ML height. The Dm measured at the ground
was examined for ML heights exceeding 3000 m AGL, which exhibited a more normal
distribution (i.e., the group of bins between 3000-4200 m in Figure 3.4b). As the height of
the ML bottom ascended 1000 m, the mean Dm generally decreased from 1.7 mm to 1.2
mm (Figure 3.5b). Similar, but less pronounced trends were found beneath other subsets
of MLs at lower heights (e.g., ML bottoms between 2000-2400 m AGL in Figure 3.4d).
The correlation of Dm with ML bottom was similar to that with ML thickness. Nearly
90% of the variance in Dm could be predicted from ML thickness, and 89% could be
predicted from the height of the ML.
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Figure 3.4 Dual-polarimetric radar-based ML thickness and height above ground of the
ML bottom and 2DVD measured Dm from the Alabama and IFloodS stratiform rainfall
cases. (a) and (b) Relative frequency distribution of ML thickness and ML bottom. Solid
curve represents the cumulative frequency distribution. (c) and (d) Box and whiskers
plots of Dm where each box is bounded by the 25th and 75th quartiles and the mean value
in each Dm bin is represented by an “X”. The whiskers indicate extremes and extend to
1.5 times the interquartile range. Outliers (i.e., values exceeding 1.5 times the
interquartile range) are represented by circles.
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(c)

(d)

Figure 3.5 Relationship between raindrop size observed at the ground and melting layer
(ML) characteristics. The mean (circles) and standard deviation (error bars) of (a,b) Dm
(c,d) Dmax are plotted as a function of (a,c) ML thickness and (b,d) height of ML bottom
above ground. The dashed line is the linear least squares fit given by the equations in the
upper right corner. Also given in the upper right corner is the coefficient of
determination, R2.
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Similar patterns were found to occur for Dmax (Figure 3.5c,d). The largest
raindrops also tended to occur beneath the thicker and lower ML. A strong linear
relationship (r=0.93) existed between ML thickness and Dmax (Figure 3.5c), and about
87% of the variance in Dmax could be predicted from ML thickness. However, Dmax
exhibited a weaker linear correlation (r=--0.67) with ML height (Figure 3.5d). The wider
distribution of ML heights means there were fewer RSDs in each height bin (i.e., less
confidence) and thus a lower chance of sampling the largest raindrop (Smith et al. 1993).
The maximum raindrop diameter found in the Huntsville and Iowa stratiform cases was
only 5.2 mm, which suggested the lower correlation between Dmax and ML height may at
least be partly attributed to the extremely low probability of sampling the largest
raindrops with a disdrometer (Smith et al. 1993; Gatlin et al. 2015), especially given the
complex distribution of ML heights.
To further examine the response of Dm and Dmax to changes in the ML, we divided
the ML thickness and ML bottom space into quadrants and examined the statistical
differences of the RSD samples in each. The filled colors in Figure 3.6 are the mean Dm
and maximum Dmax for each 50 m bin of ML thick and 100 m bin of ML height. The
largest diameter raindrops occurred beneath the thicker and lower MLs. The median ML
thickness was 315 m and the median ML bottom was 2310 m. The mean and standard
deviation of Dm found during times when the ML was thinner than the median MLs (783
samples) was 1.2 mm and 0.3 mm, respectively. The mean and standard deviation of Dm
found during times when the ML was thicker than the median MLs (784 samples) was
1.4 mm and 0.3 mm, respectively. To assess the representativeness of these Dm samples,
we performed a Shapiro-Wilk normality test. The samples were grouped into 0.2 mm
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Figure 3.6 The (a) mean Dm and (b) maximum Dmax at the ground from 2DVD
measurements of rainfall as a function of the overlying melting layer thickness and its
height above ground (i.e., ML bottom). The mean values of Dm and Dmax (mm) inside
each quadrant of the ML thickness and ML bottom space are given. The mean (median)
of the melting layer measurements are given by the solid (dashed) lines.

wide diameter bins, and we found that both followed a normal (i.e., Gaussian)
distribution with a 95% confidence level.
Since the means do not differ much between the two, we tested the null
hypothesis that these two sample populations of Dm are statistically the same. A
Student’s t-test was conducted on the two independent samples of Dm (i.e., those
observed during MLs thinner than 315 m and those observed during MLs thicker than
315 m) with 1565 degrees of freedom, and we calculated a t-value of 11.34 that indicates
the probability of a t-value being greater is much less than 0.01%. Therefore we reject
the null hypothesis that there is no difference between the two sample populations of Dm.
Thus there was a statistically significantly difference between the Dm of the RSDs
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observed while the ML was thicker than 315 m compared to those observed when the ML
was thinner than 315 m.
A similar test was performed for Dm as a function of ML bottom using the median
height of 2310 m to separate the two samples. The mean and standard deviation of Dm
was 1.2 mm and 0.3 mm, respectively, while the ML bottom was less than 2310 m (782
samples), and a similar mean and standard deviation of Dm was found for the samples
taken while the ML bottom was higher than the median height (785 samples). Thus we
did not find any statistically significant difference between the Dm samples when the ML
bottom was above or below an altitude of 2310 m. Even if we would have considered Dm
to three significant digits instead of two, the probability (p) that these two RSD samples
(drawn during low or high ML heights) had statistically significant different values of Dm
was only 27%.
The measured Dmax exhibited larger variations across the range of ML thickness
and height (Figure 3.6b). Student’s t-tests were also performed for Dmax sampled from the
same two RSD populations measured while the ML was thin/thick and low/high using the
same median values to delineate the ML characteristics. A similar statistically significant
result to that of Dm was found for the Dmax differences between the thin and thick MLs.
However, we found the Dmax sample observed during low MLs to have a statistically
significant (p ≤ 0.05) difference from the Dmax sample observed during high MLs.
These trends in Dmax compared to those we found for Dm suggest that the tail of the RSD
was much more affected by changes in the ML characteristics. Consequently, radar
rainfall estimators based on Z (i.e., highly sensitive to the tail of the RSD) should be
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correspondingly more variable with changes in ML thickness and height compared to
those estimators that utilize KDP and ZDR that are less sensitive to Dmax.

3.2.2

Vertical evolution of the RSD in response to ML changes
The above results present very strong evidence that measured raindrop sizes tend

to increase at the ground as the ML becomes thicker and closer to the ground, the next
step is to examine how the raindrops evolve after they exit the ML. We hypothesize that
large melting aggregates are responsible for deepening the ML and, upon melting,
ultimately responsible for the larger raindrops observed at the ground. However,
collision and coalescence of raindrops, as well as evaporation shape the raindrop spectra
as they fall to the ground. Coalescence increases raindrop diameter at the expense of
smaller raindrops, and evaporation tends to also deplete the smaller raindrops at a rate
faster than it does the larger raindrops. Both of these processes act to increase Dm. So
are the larger raindrops observed at the ground below a thicker and lower ML largely the
result of collision-coalescence and evaporation or do these processes play an insignificant
role in shaping the RSD of stratiform precipitation? Although several studies have noted
relatively little variability in the vertical evolution of the RSD within stratiform
precipitation, the reference for comparison is often to the RSD evolution in convective
precipitation (e.g., Yoshikawa et al. 2010; Oue et al. 2010; Kim et al. 2011). Very little
has been done to examine differences in vertical RSD evolution within stratiform
precipitation for different ML characteristics. Such an investigation is vital to developing
procedures that employ ML characteristics to improve radar rainfall estimation.
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Table 3.5 Overview of RSD retrievals from radar RHI scans during periods of varying
ML thickness. The angle brackets represent the arithmetic mean of the retrieved profile
and σ is its standard deviation.

Number of

̂
〈𝐷̂
𝑚 〉 ± 𝜎(𝐷𝑚 )

̂𝑤 〉 ± 𝜎(𝑁
̂𝑤 )
〈𝑁

RHI Profiles

(mm)

(mm-1m-3)

50 ≤ MLthick < 150 m

384

1.40 ± 0.34

671 ± 677

150 ≤ MLthick < 250 m

665

1.47 ± 0.31

635 ± 619

250 ≤ MLthick < 350 m

697

1.49 ± 0.30

663 ± 591

350 ≤ MLthick < 450 m

601

1.57 ± 0.32

637 ± 572

450 ≤ MLthick < 550 m

423

1.62 ± 0.32

698 ± 629

550 ≤ MLthick < 650 m

295

1.71 ± 0.30

802 ± 632

650 ≤ MLthick < 750 m

172

1.78 ± 0.28

766 ± 589

ML Thickness (m)

Radar measurements obtained from 2,492 minutes of ARMOR RHI scans and 402
minutes of NPOL RHI scans during 40 stratiform rainfall events were used to investigate
the vertical response of the RSD to changes in the ML height and thickness. The C-band
and S-band radar retrieval equations given in the Appendix were employed to obtain
profiles of Dm and Nw over 2DVDs located 15 km in range from their respective radar
(i.e., ARMOR and NPOL). The radar-based ML thickness was binned into 100 m
intervals and compared with the RSD profiles retrieved from 3,668 RHI scans below the
ML bottom during those times (Table 3.5). Over 77% of the radar-based ML
identifications from these RHI scans were between 50 and 750 m thick. A 27% increase
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in the profile averaged Dm was found as the ML thickened from 50 m to 750 m. The
vertical average of Nw increased 20% as the ML thickened, but it also exhibited relatively
large standard deviation.
We examined a composite of the vertical RSD retrievals (i.e., summary in the
vertical column) as a function of ML thickness and height. The increasing Dm trends
from the vertical retrievals were similar to those found from the ground-based
measurements (Figure 3.4). The composite of retrieved Nw exhibited no clear trend with
ML thickness, but it did have a tendency to increase as ML height increased from 3100 to
4100 m AGL. The Nw composite distribution was skewed to the left and exhibited much
greater variability than the retrieved Dm, which exhibited a much less skewed normal
distribution. Thus there is greater confidence in the Dm values reported in Table 3.5than
those for Nw. However, the composited information does not provide the vertical detail
required to assess the evolution of the DSD in the vertical.
Thus we also examined characteristic profiles of Dm and Nw. Figure 3.7 shows
the vertical evolution of Dm and Nw for the range of ML thicknesses given in Table 3.5.
A minimum of 100 RSD retrievals were required in each 250 m layer used to construct
the profiles in Figure 3.7. Although there was relatively little variation in the mean Dm
from the ML bottom to the ground, especially below 1250 m AGL, the entire Dm profile
shifts from 1.3-1.4 mm for 50-250 m thick MLs to 1.7-1.8 mm for 650-750 m thick MLs
(Figure 3.7 a). Although the overall shape of the Nw profiles were similar as the ML
thickened, they exhibited much greater variability than the profiles of Dm (Figure 3.7 b).
The mean profiles of Nw ranged from 350 to 1200 mm-1m-3. In the upper half of the RSD
profiles, Nw generally increased as the ML thickened, but, similar to Dm, it exhibited
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Figure 3.7 Vertical profile of RSD parameters retrieved from dual-polarimetric radar
measurements for the ML thicknesses listed in Table 3.5. (a) mean Dm; (b) mean Nw; (c)
and (d) standard deviation of Dm and Nw, respectively. The legend in the lower-left
corners gives the radar-based ML thickness.
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significantly less vertical change below 1250 m AGL. Most of the vertical change in the
RSD occurred within the first 1000-1500 m below the ML. A slight decrease of Dm
occurred near the very top of the profiles whereas the Nw profiles generally increased
(Figure 3.7 b), which was expected since Dm and Nw are inversely proportional (e.g., see
Appendix).
Now, as the raindrop spectrum evolved such that its characteristic size reached a
peak around 1000 m below the ML, the Nw profile subsequently attained its minimum
value beneath all but the thickest MLs. The peak in mean Dm aloft was 7-12% greater
than that at 250 m AGL and became less pronounced but spanned a greater vertical
distance as the ML thickened (Figure 3.7 a). However, for Dm around 1.3-2.0 mm, the
radar retrieval was only accurate to within 8% (e.g., Figure A.1), and thus it is difficult to
say with a high degree of certainty that the Dm peak aloft depicts an actual microphysical
process. Since this peak in Dm aloft occurred across the entire range of ML thicknesses
as well as the lower and upper quartiles of Dm, we do not believe that the behavior should
be attributed entirely to error in the retrieval (i.e., some portion of the signal is likely
physical in nature).
The maximum Nw was found near the top of the profiles beneath all but the
thinnest MLs (Figure 3.7 b). The 50-150 m thick ML exhibited an overall increase from
the 3500 m AGL toward the ground, but the thicker MLs had a smaller Nw at the ground
than aloft. The thinnest MLs also produced the RSD profiles with the most frequent
change in the vertical, which is especially evident in Nw profile beneath the 150-250 m
thick ML. The thicker MLs produced Nw profiles that underwent more constant vertical
change. All of the Nw decreased roughly 30-35% between 3000 m AGL to 2250 m AGL.
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The thicker MLs tended to exhibit less variability. The standard deviation of the
Dm profile beneath the 650-750 m thick ML was less than that of the thinnest ML at all
heights and by as much as 30% above 2000 m AGL (Figure 3.7 c). The standard
deviation of the Dm profiles increased toward the ground. The standard deviation of Nw
was very large and of comparable magnitude to the mean Nw profiles (Figure 3.7 d). The
Nw profile beneath the 650-750 m thick ML had a lower standard deviation than those
beneath most of the other MLs, but no overall decrease of variability was found as the
ML thickened. Generally, the standard deviation of the Nw profiles mimicked the highly
variable shape of the mean Nw profiles.

3.3

Discussion of observed RSD response to changes in the melting layer

A total of 2,894 minutes of dual-polarimetric radar RHI scans were conducted
over 2DVDs and used to investigate the response of the RSD to changes in the thickness
and height of the ML. This study was conducted to explicitly test the hypothesis that a
thicker and lower ML produces larger raindrops at the ground, which has implications for
radar rainfall estimation (Huggel et al. 1996; Sharma et al. 2009). Although numerous
observational studies have suggested such a hypothesis is valid (e.g., Klaassen 1988;
Fabry and Zawadzki 1995; Huggel et al. 1996; Gage et al. 2002; Kim et al. 2009b), there
remains some doubt because most of the aforementioned studies used a reflectivity-based
bright band to infer ML characteristics and very few had access to high quality
disdrometer measurements. The dual-polarimetric methods used herein for identifying
the ML boundaries yielded results that were consistent with particle images obtained
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through the ML (Matsuo and Sasyo 1981; Stewart et al. 1984; Willis and Heymsfield
1989; Barthazy et al. 1998). However, the bright band was found to be thicker than the
dual-polarimetric ML signatures by nearly 200 m. This must be due largely to the strong
dependence of reflectivity on hydrometeor size. Aircraft observations indicate the radar
bright band signature can include very large, aggregates present just above the 0°C level
or very large raindrops just below the ML (e.g., Stewart et al. 1984; Willis and
Heymsfield 1989) that could account for the reflectivity-based ML estimate (i.e., bright
band) being thicker than the ML estimated from the dual-polarimetric measurements.
Herein, we found that the mean raindrop diameter increased as the ML thickened,
which can be tied to an increase in the overall size of snowflake aggregates above the
ML. The rate of snowflake melting is dependent upon its initial size, with larger
aggregates having to traverse a further distance before fully melting (Matsuo and Sasyo
1981; Willis and Heymsfield 1989; Mitra et al. 1990). So a thickening of the ML can
indicate enhanced aggregation above or near the top of the ML (Stewart et al. 1984).
Furthermore, large aggregates can contain more liquid water than smaller, individual ice
crystals and upon melting result in a larger raindrop. Thus larger raindrops are found
beneath thicker regions of the ML, which suggest raindrop size is tied to the efficiency of
snowflake aggregation, consistent with aircraft observations (e.g., Stewart et al. 1984;
Yuter and Houze 1997).
Numerous studies have shown that processes such as breakup and aggregation
within the ML are also responsible for shaping the RSD (e.g., Stewart et al. 1984; Willis
and Heymsfield 1989; Drummond et al. 1996; Barthazy et al. 1998; Kim et al. 2009b).
Although no in-situ observations within the ML were available for the cases examined in
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this study, the vertically pointing XPR measurements can be used to infer the dominance
of aggregation or breakup within the ML by examining the ratio of the particle flux above
and below the ML, where particle flux is estimated by the product of equivalent
reflectivity and vertical velocity (e.g., Drummond et al. 1996; Kim et al. 2009b).
Aggregation dominates over breakup within the ML if this ratio is less than 0.23
(Drummond et al. 1996). The ML thickened as the flux ratio decreased (i.e., aggregation
became more dominant) within the ML, which is consistent with the bright band
observations by Kim et al. (2009b). Thus an increase in the mean raindrop size can not
only be attributed to enhanced aggregation above the ML but also enhanced aggregation
within the ML.
The largest raindrops were mostly found beneath not only the thickest MLs but
also those closest to the ground. The shorter fall distance to the ground reduces 1) the
chance for breakup and 2) the total amount of liquid water that is evaporated.
Furthermore, the number concentration of raindrops generally decreased as the ML
neared the ground, which also indicates there is a reduced chance for raindrop breakup
beneath MLs closer to the ground. The increase of mean raindrop size and decrease in
number concentration as the ML lowers is consistent with the observations made by Kim
et al. (2009b) during descending bright band periods of a landfalling tropical storm
rainband.
Little variation of the RSD with height was found in stratiform precipitation,
which is consistent with previous findings (e.g., Cifelli et al. 2000; Kirankumar et al.
2008). Thickening and lowering of the ML shifted the vertical profiles of Dm and Nw, but
did not significantly alter their basic shape. The mean raindrop size at the ground was
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similar to that just below the ML, and Dm changed no more than 12% throughout the
vertical profile.
The largest values of Dm were found about 1000 m below each ML regardless of
its thickness (i.e., it cannot be accounted for by changes within the ML). This is also
around the height where Kirankumar et al. (2008) observed a maximum D0 in a
widespread stratiform rain case observed over southeast India. Ruan et al. (2014) made a
similar observation for a stratiform event over eastern China. Thus the enhanced Dm aloft
is believed to be due to a physical process that occurs in stratiform rainfall and not just
retrieval error. The Dm peak may be an indicator of a region of drier air aloft (e.g., the
“onion” shaped soundings measured by Zipser [1977] in the trailing stratiform region of
squall lines), which has implications for dual-polarimetric radar rainfall estimation
(Kumjian and Ryzhkov 2010). The datasets gathered for this study do not provide the
necessary information to assess if this is indeed the case. The enhanced Dm aloft may be
an additional source of error in radar rainfall estimates, similar to the bright band but
likely not as significant, except perhaps for very light rainfall rates where the bright band
is not as strong.
The maximum Dm in each profile was contained in a region of enhanced Dm that
became broader as the ML thickened. Thicker MLs tended to produce not only larger but
also a greater number of raindrops exiting the ML as evinced by Nw profiles. Breakup of
the largest drops explains the additional increase of Nw and decrease of Dm found just
below the ML (Figure 3.7). Thus a greater number of small raindrops are present beneath
thicker MLs. Since evaporation preferentially depletes the smallest raindrops, which
decreases the chance for collision-coalescence to occur to sustain the region of enhanced
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Dm, the decrease of Dm was greater and occurred quicker below the MLs that contained
fewer small raindrops (i.e., the thinner MLs).
These results have shown definitive proof that a thickening, and to a lesser extent
a lowering, of the ML causes an increase in raindrop diameter below the ML and
extending to the surface. Huggel et al. (1996) have shown that the bright band intensity
can be used to improve radar rainfall estimates, and Sharma et al. (2009) have also shown
the benefit of using Dm. Thus information about the thickness and height of the ML may
also improve radar rainfall estimation to the extent a rainfall estimation algorithm
accounts for potential profile changes in the RSD.

3.4

Using ML characteristics for radar rainfall estimation

The radar estimated ML characteristics and 2DVD measured rainfall during the
stratiform rainfall event in Huntsville, Alabama on 6 March 2011, are shown in
Figure 3.8. The ML thickness generally increased from 200 m at 00:00 UTC to 600800 m around 02:50 UTC. This can largely be attributed to the 900 m decrease of the
ML bottom during that same time, whereas the ML top only decreased from 2300 m to
2100 m AGL. The rainfall rate increased from 1 mm hr-1 around 00:00 UTC to
5.5 mm hr-1 around 2:50 UTC by which time 3 mm of rain had fallen. The rainfall rates
measured with two side-by-side 2DVDs during this time were in close agreement (Figure
3.8b). The variations in rainfall rate, especially the more pronounced ones (e.g., 02:30 to
03:30 UTC in Figure 3.8) corresponded to the variations in the ML thickness. Their
cross correlation at zero time lag was 0.83 for this event, whereas the cross correlation
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Figure 3.8 Radar estimated ML characteristics and rainfall measured at the ground
during the 6 March 2011 stratiform event in Huntsville, Alabama. (a) ML thickness
(squares) and bottom (diamonds) estimated from ARMOR measurements at 15 km range.
(b) 1-minute rainfall rate measured by 2DVD-SN16 (circles) and 2DVD-SN38 (asterisks)
beneath the ML estimates; rainfall accumulation (dashed).
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between ML bottom and rainfall rate was -0.59. Thus the rainfall rate seemed to be more
responsive to changes in the thickness of the ML than its height. Kim et al. (2009b) also
made a similar finding using vertically pointing Doppler radar measurements during a
landfalling tropical storm. They found the rainfall rate exhibited better correlation with
bright band thickness than with the height of the peak Ze in the bright band. However
they did not investigate the utility of bright band thickness in radar rainfall estimation.
Thus 25 rainfall events consisting of nearly 70 mm of stratiform type rainfall were
examined to determine if a new rainfall estimator based on ML thickness could be
formulated. Over 2,530 RHI scans were used to estimate the ML thickness and compare
with the 1-minute RSDs sampled by one or more 2DVDs within a 12-minute window of
each RHI scan. A 12-minute time window was used because it takes about 5-6 minutes
for a 1.5-2 mm raindrop falling at its terminal velocity from a height of 2 km to reach the
ground. Furthermore, without information about horizontal advection it is difficult to
know where and when the sampled drops emanated from the ML. Regardless of these
unknown factors, the median rainfall rate generally increased within increasing ML
thickness and we found a linear correlation coefficient of 0.84, especially for
100 ≤MLthick < 1150 m (r=0.98). Thus it would seem that ML thickness may itself be a
good estimator of rainfall rate. We fitted an exponential function to the ML thickness,
MLthick, and rainfall rate, R, which gave
𝑅 = 0.876exp(1.652ML𝑡ℎ𝑖𝑐𝑘 ),

(3.8)

where MLthick is in km. However, such a rainfall estimator provided virtually no skill
(i.e., negative Nash coefficient) relative to the standard Z = 220 R1.6 (Marshall and
Palmer 1948) in estimating the rainfall rate. Averaging the ML thickness-based rainfall
68

estimator over 5-, 10- and 30-minutes showed very little improvement. Thus estimating
R solely from the retrieved ML thickness was found to be a rather poor type of estimator.
Of course this comes as no surprise since parameters that represent a measure of both Dm
and Nw (e.g., reflectivity factor) are required to obtain R (see equation [(2.10]). Although
we found a good linear relationship between ML thickness and Dm, we could not find
such a relationship between ML thickness and Nw. Thus without a measure (or
parameterization) of both Dm and Nw, we cannot obtain a reasonable estimate of R.
Perhaps ML thickness can be used to indirectly aid rainfall estimation via its relationship
to Dm.
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CHAPTER 4

ESTIMATING RAINFALL FROM MELTING
LAYER AND DSD CHARACTERISTICS

The height and thickness of the ML were found to impact raindrop size and RSD
evolution. A strong correlation was found between ML thickness and Dm, but what does
this imply for radar rainfall estimation? Numerous studies have shown that dualpolarimetric rainfall estimators outperform traditional Z-R type, or R(Z), relationships,
especially in convective precipitation (e.g., Chandrasekar and Bringi 1988; Petersen et al.
1999; Ryzhkov et al. 2005b; Giangrande and Ryzhkov 2008; Cifelli et al. 2011).
However at light rainfall rates, large variability of the dual-polarimetric measurements
often render them no more useful than R(Z) estimators (Chandrasekar and Bringi 1988;
Chandrasekar et al. 1990). Thus R(Z) is often used as the default rainfall estimator of
choice by some rainfall algorithms (Giangrande and Ryzhkov 2008; Petersen et al. 2009;
Cifelli et al. 2011). Furthermore, optimized rainfall algorithms make use of R(Z)
estimators more frequently than dual-polarimetric ones (Cifelli et al. 2011). Even though
dual-polarimetric measurements may be available, the standard Z-R relationship is still
required, especially in light rainfall (i.e., R < 1-2 mm/hr) where relatively large
uncertainty can exist in dual-polarimetric radar measurements (Sachidananda and Zrnić
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1987; Lee 2006). The R(Z) estimator may have less uncertainty at low rain rates than
dual-pol estimators, but there exists a large variety of Z-R relationships with standard
errors as high as 40-60% (Wilson and Brandes 1979; Gorgucci et al. 2000; Lee 2006).
This error can be reduced to 20% by VPR correction but only after averaging over large
areas and long timescales (e.g., Bellon et al. 2005). However, VPR correction does not
account for variability of the RSD, which is the largest contributor to R(Z) uncertainty—
35% to 60% for 0.3 < R < 10 mm h-1 (Lee 2006).
It was shown in the previous section that variations in the ML characteristics can
describe changes in raindrop size. This is consistent with the findings by several others
who examined the RSD spectra at the ground and bright band characteristics (Waldvogel
1974; Huggel et al. 1996; Kim et al. 2009b), and it is ultimately what motivated Huggel
et al. (1996) to use the bright band intensity in an attempt to improve R(Z) estimates.
However, bright band intensity is basically a gauge for the degree of riming (Klaassen
1988; Zawadzki et al. 2005), whereas its thickness can be an indicator of aggregation
(Stewart et al. 1984; Kim et al. 2009b) and thus melted particle size. Also, the thickness
of the ML can be an indicator of the degree of sub-saturation within the ML (Heymsfield
et al. 2015), which can play a role in the collision efficiency due to the depletion of
particles through sublimation/evaporation and/or the “stickiness” of melting snowflakes
(i.e., degree of aggregation within the ML). Thus bright band or ML thickness is a more
appropriate descriptor of the particle size distribution than bright band intensity.
Furthermore, there is less scatter between rainfall rate and bright band thickness
than with bright band intensity (Kim et al. 2009b). So it is interesting that very little
attention has been given to the quantitative assessment of the use of ML thickness in
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radar rainfall estimation. However, Dm (ML thickness) or any other single parameter
cannot alone provide sufficient information to retrieve a robust rainfall estimate (Testud
et al. 2001). Thus a combination that includes one of the RSD parameters (or similar)
needs to be considered when formulating Z-R relationships. In this chapter we formulate
a radar rainfall estimator based on Z and Dm, but first we provide some additional
background and justification for such a rainfall estimator as well as discuss its connection
to the widely used dual-polarimetric R(Zh, ZDR) type estimator first proposed by Seliga
and Bringi (1976).

4.1

Theoretical relationship between Z-R and Dm

It is common practice in meteorology to relate rainfall rate, R, to radar
reflectivity, Z, via a power-law expressed as
𝑍 = 𝑎𝑅 𝑏 .

(4.1)

Although a and b are typically determined via empirical fitting techniques, they
can be related to physical characteristics of the DSD assuming a similar functional form
exists between the raindrop fall velocity and its diameter (Atlas and Ulbrich 1977).
Rainfall rate is defined as

𝑅=

10−4 𝜋
6

∞

-1
∫0 𝑣(𝐷)𝐷3 𝑁(𝐷)𝑑𝐷, [mm h ]

(4.2)

where v(D) is the raindrop fall velocity as a function of drop diameter. The raindrop fall
velocities measured by Gunn and Kinzer (1949) can be approximated by
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𝑣(𝐷) = 𝛼𝐷𝛽 ,

(4.3)

where α and β are empirical constants determined to be 3.78 and 0.67, respectively, for
v(D) units in m s-1 (Atlas and Ulbrich 1977). Using (4.3) and noting that the complete
gamma function, Γ, represents any moment of a gamma DSD (Ulbrich and Atlas 1998),
we can rewrite (4.2) as
𝑅 = 𝐹𝑅 (𝜇)𝑁𝑤 D4.67
𝑚 ,

(4.4)

3.78𝜋 Γ(4.67 + 𝜇)
𝑓(𝜇) ,
6 × 104 (𝜇 + 4)4.67+𝜇

(4.5)

where

𝐹𝑅 (𝜇) =

6 (4 + 𝜇)𝜇+4
𝑓(𝜇) = 4
,
4 Γ(𝜇 + 4)

(4.6)

Nw and µ are the intercept and shape parameters, respectively, of a normalized gamma
DSD expressed as
𝐷 𝜇
𝐷
𝑁(𝐷) = 𝑁𝑤 𝑓(𝜇) ( ) exp [−(4 + 𝜇)
],
𝐷𝑚
𝐷𝑚

(4.7)

(Testud et al. 2001). Similarly the reflectivity factor for a gamma DSD can be written as

𝑍 = 𝐹𝑍 (𝜇)𝑁𝑤 D7𝑚 .

where
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(4.8)

𝐹𝑍 (𝜇) =

Γ(𝜇 + 7)
𝑓(𝜇) .
(𝜇 + 4)𝜇+7

(4.9)

Thus the rainfall rate can be parameterized using either Z/Nw or Z/Dm. Typically
Dm has lower natural variability than Nw (Cifelli et al. 2000; Lee et al. 2009) and can be
retrieved from radar with less uncertainty (Appendix), which makes Dm a more ideal
candidate to use in parameterization of R. If we combine (4.8) and (4.4) to eliminate Nw,
it yields
𝑍 𝐹𝑍 (𝜇)
=
𝐷 2.33 = 𝐹(𝜇)𝐷𝑚 2.33 ,
𝑅 𝐹𝑅 (𝜇) 𝑚

(4.10)

where the constants, α and β, of the terminal velocity power-law in (4.3) are contained in
FR(µ).
The relationship between Z, R and Dm given by (4.10) is what motivated Seliga
and Bringi (1976) to devise a means for measuring ZDR to improve radar rainfall
estimation. Since dual-polarimetric radars enable the retrieval of Dm via ZDR
measurements, an R(Zh, Dm) type estimator is really no different from and R(Zh, ZDR)
type estimator. In practice, both estimators require power-laws to parameterize F(µ)
because reliable estimates of µ are difficult to obtain from the radar measurements (e.g.,
Gorgucci et al. 2002; Anagnostou et al. 2008), at least not without employing a
constrained type (i.e., two parameter) gamma model (e.g., Ulbrich and Atlas 1985; Zhang
et al. 2001; Brandes et al. 2004) that may not be physically valid (Chandrasekar and
Bringi 1987; Illingworth and Blackman 2002; Moisseev and Chandrasekar 2007;
Williams et al. 2014). Thus both estimators suffer from parameterization and
measurement error. For dual-polarimetric radars, an R(Zh, Dm) estimator has error
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similar to R(Zh, ZDR) but also an additional error due to the parameterization of Dm. The
parameterization error for Dm is generally around 5-17% (e.g., Gorgucci et al. 2002;
Bringi et al. 2006; Williams and May 2008; Thurai et al. 2012; section 3.1.4 of this
study). Thus an R(Zh, Dm) estimator used with dual-polarimetric radar is not expected to
have any less uncertainty than an R(Zh, ZDR) estimator. Therefore it was not our intention
to compare their performance for dual-polarimetric radar. Instead, our further analysis of
R(Zh, Dm) was motivated by its potential use with other types of remote sensing platforms
that do not have dual-polarimetry but are capable of retrieving Dm. One such type of
radar is the Dual-frequency Precipitation Radar (DPR) onboard NASA’s GPM core
satellite (Hou et al. 2014). Dual-frequency, or dual-wavelength, radar algorithms rely
mostly upon differences in attenuation between two wavelengths (e.g., Goldhirsh and
Katz 1974) or, in the case of the GPM DPR, non-Rayleigh scattering at the shorter
wavelength (Meneghini et al. 1992; Liao and Meneghini 2005) which is in contrast to
dual-polarimetric radar algorithms which rely on the variability of raindrop size and
shape (Atlas et al. 1984; Meneghini and Liao 2007).
Although (4.10) prescribes a linear relationship between Z and R, it only exists
when both Dm and the ratio FZ(µ)/FR(µ) are constant. Ulbrich and Atlas (1998)
demonstrated that this ratio is nearly constant for most commonly determined µ values
(i.e., -2 ≤ µ ≤ 11), which indicates that the stratification of the RSD by Dm results in a
linear relationship between Z and R whose coefficient of proportionality is solely a
function of Dm2.33. Comparing (4.10) with (4.1), we find that a = FZ(µ)/FR(µ) Dm2.33 and
b = 1. However, this does not mean that an empirically determined Z-R will have the
same coefficient and exponent, but instead it gives physical credence to (4.1) and shows
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that rainfall rate can be defined in terms of Z and Dm. Ulbrich and Atlas (1998) found the
coefficient of Z-R relationships empirically determined from five case days during the
Tropical Ocean Global Atmosphere Coupled Ocean–Atmosphere Experiment (TOGA
COARE) increased with an increase of Dm, whereas its exponent remained around 1.0.
Thus the experimental results agree with theory, which is why Sharma et al. (2009) found
that Z, when normalized by Dm, provided a more robust estimate of rainfall rate than a
conventional Z-R (i.e., single parameter). They were able to reduce the root mean square
error (RMSE) of the rain rate retrieval in stratiform type precipitation by 29-45%, albeit
using disdrometer measurements to compute Z and Dm. This is comparable to the
improvement that may be gained from employing radar signatures of melting in radar
rainfall estimation (Huggel et al. 1996), but uncertainty in the radar measurement and
differences in sampling volumes undoubtedly degrade the extent of improvement.
In this study we build upon the method of using Dm to parameterize Z-R and
utilize a new technique that further reduces the error beyond that reported by Sharma et
al. (2009). Utilizing Dm, which was shown in Chapter 3 to be related to the ML and
ultimately aggregation efficiency, allows us to constrain the reflectivity measurements in
order to provide a more accurate rainfall estimate that has a physical connection to the
overlying microphysical environment.

4.2

Data and analysis methods

We obtained a set of Z-R relationships that have been constrained by Dm, which is
a source of uncertainty in Z-R that can be more accurately retrieved than Nw (see
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Appendix). The resultant set of constrained Z-R equations were parameterized using
only Dm, similar to (4.10). Thus we ultimately formulated an R(Zh, Dm) type rainfall
estimator, which has applications not only to dual-polarimetric but also dual-frequency
radars.

4.2.1

Rainfall measurements and quality control
The rainfall rate, R, is calculated from 2DVD raindrop measurements as,
𝑁

3600
𝑉𝑖
𝑅=
∑
∆𝑡
𝐴𝑖

[mm hr −1 ]

(4.11)

𝑖=1

where Δt is the integration time interval (e.g., 60 seconds), N is the total number of
raindrops, V is the volume of drop i and A is the effective measuring area of the 2DVD
as drop i falls through it (Schönhuber et al. 2008). The radar reflectivity factor for rain
was obtained from radar scattering simulations using 1-minute gamma RSDs fitted to the
2DVD measurements in Huntsville, Alabama (Chapter 3 and Appendix). We chose to
use the radar simulated Z instead of the 2DVD measured Z because our application was
for radar rainfall estimation. The radar reflectivity factor given by (2.3) depends upon the
radar wavelength and backscattering characteristics of hydrometeors, whereas the Z
measured with a disdrometer, which is similar to (4.8), is solely a function of the number
concentration and size of hydrometeors. Thus use of a simulated Z enabled us to account
for non-Rayleigh scattering effects that can occur at C-band radar frequencies for
raindrops with diameters around 4-5 mm (Bringi et al. 1991; Aydin and Giridhar 1992;
Zrnić et al. 2000; Carey and Petersen 2015).
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Since we wanted to find an R(Zh, Dm) estimator for stratiform precipitation, the
RSDs were classified as either stratiform, convective, or transition (i.e., a mixture of both
stratiform and convective) following the technique of Thurai et al. (2015) that employs
D0 and log10Nw from 2DVD measurements to partition the RSDs. Roughly 81% of the
97,700 1-minute RSDs collected by 2DVDs in Huntsville were classified as stratiform
with R < 9.86 mm hr-1. Those classified as convective comprised less than 4% of the
RSDs and had a median R of 24.2 mm h-1. Since this technique is relatively new, we
compared the classification with a simple scheme based on the mean and standard
deviation of R over five consecutive RSD samples. The 1-min RSDs with a mean
R ≤ 5 mm h-1 and standard deviation ≤ 1.5 mm h-1 over five consecutive minutes were
classified as stratiform and all others as non-stratiform (Bringi et al. 2004). The results
agree rather well with the log10Nw-D0 based classifications. None of the R-based
stratiform classifications were classified as convective by the log10Nw-D0 approach (i.e.,
it produced reasonable classifications of stratiform type rainfall).
The stratiform RSD spectra were used to determine the coefficient of the R(Zh)
relationship as a function of Dm. First, the stratiform RSDs were partitioned into 0.1 mm
Dm bins and a linear least-squares regression of log (R) as a function of 10 log (Z) was
performed on each bin using a Levenberg-Marquardt technique (Moré 1978; Markwardt
2009) to determine a good fit to the inversion of (4.1), which is expressed as
𝑅 = 𝐴𝑍 𝐵 ,

(4.12)

where A and B are the empirical coefficient and exponent, respectively, determined
during the regression. Although all Z-R coefficients empirically determined in this paper
are from regression of (4.12), traditionally Z-R relationships have been referred to in the
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form given by (4.1). Thus to avoid confusion, an upper-case “A, B” and lower-case “a,
b” will be used when referring to the R(Zh) form given by (4.12) and Z-R given by (4.1),
respectively. Linear regression of the log-transformed variables was preferred instead of
non-linear regression due to the latter’s poorer overall performance in estimating light
rainfall rates (Campos and Zawadzki 2000; Tokay et al. 2001).

4.2.2

Empirical formulation of a new Z-R using Dm
Numerous studies have examined Z-R as a function of Dm, or D0, (Ulbrich and

Atlas 1978; Yuter and Houze 1997; Atlas et al. 1999; Testud et al. 2001; Ulbrich and
Atlas 2008; Sharma et al. 2009). The general consensus is that when Dm, or D0, is
constant, R varies linearly with Z and variations from this linearity are due to variations
in the shape of the DSD (Rosenfeld and Ulbrich 2003). Most of the aforementioned Z-R
related studies were focused on examining the Z-R and DSD for different types of rainfall
(e.g., convective, stratiform, transition). Stratiform rainfall tends to be associated with
larger Z-R coefficients (a) than convective type rainfall (e.g., Tokay and Short 1996;
Atlas et al. 1999). Following (4.10) this implies that larger raindrops are produced by
stratiform rainfall than convective rainfall for the same rainfall rate. The exponent (b) of
Z-R is commonly found to exceed unity (e.g., see Table 10.5 of Rosenfeld and Ulbrich
2003). This implies R is rarely linearly related to Z and as such Dm is rarely constant.
However, parameterizing the Z-R using Dm produces a means for obtaining a more
accurate Z-R based rainfall estimate (Ulbrich and Atlas 1998; Testud et al. 2001).
Figure 4.1 shows Z-R relations fitted to one minute gamma RSDs classified as
stratiform and partitioned by Dm. The empirically determined Z-Rs are roughly parallel
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Figure 4.1 Plot of reflectivity factor from radar scattering simulations at C-band and

rainfall rate stratified by the mass-weighted mean volume diameter obtained from oneminute stratiform DSDs measured by 2DVDs in Huntsville, Alabama. The dashed lines
represent the Z-R equation fitted to the DSDs in each Dm bin listed in the legend.
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with an exponent, b, around 1.03-1.09 and coefficient, a, increasing with Dm (Table 4.1).
Each Dm-stratified Z-R provided an estimate of R that had relatively little scatter. The
uncertainty for each of these Z-Rs was 9% to 16%. However to employ these Z-Rs to a
set of radar measurements requires using either a lookup table to associate the proper Z-R
with the retrieved Dm or determining an empirical relationship between Dm and the Z-R
coefficient.
The empirically determined coefficients of the Dm -stratified Z-Rs were compared
with that given by (4.10) computed from the same 77,000 stratiform RSDs measured in
Huntsville (Figure 4.2). The empirical and theoretical coefficients were in reasonable
agreement and differed in the mean by only 12%. There was a tendency for the empirical
coefficients to be larger than the median theoretical coefficient for Dm<0.8 and less than
it for Dm>1.0mm. This is important because it shows that the raindrop fall velocity may
not follow a power-law as in (4.3). A slightly more sophisticated terminal fall velocity
(Atlas et al. 1973) may have enabled better agreement with theory, but such a relationship
would have made the Z-R rather complex.
A fit to the empirically determined R(Zh) coefficients yielded the following
inverse relationship,
𝐴 = 0.00650𝐷𝑚 −2.186

(4.13)

that was used to assess the performance of a Dm stratified Z-R relationship to estimate
rainfall from weather radar. The exponent in (4.13) is about 12% less than that of (4.10)
(i.e., theoretical formulation). Combining (4.13), (4.12), and the median empirical b in
Table 4.1 gives a new rainfall estimator,
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Table 4.1 Mean ± standard deviation of Z=aRb constants determined both theoretically
and empirically as a function of Dm. The theoretical exponent, b, is unity following the
derivation given in the text.

Dm (mm)

No. 1-min DSDs

Theoretical

Empirical

a = F(µ)Dm2.33

a

b

0.5 ≤ Dm < 0.6

2516

44.7±6.75

58.1±0.12

1.10±0.050

0.6 ≤ Dm < 0.7

3983

65.8±8.18

73.8±0.14

1.05±0.040

0.7 ≤ Dm < 0.8

5042

92.3±12.4

97.9±0.15

1.03±0.037

0.8 ≤ Dm < 0.9

6200

124±14.7

128±0.17

1.03±0.038

0.9 ≤ Dm < 1.0

8133

163±19.7

161±0.18

1.03±0.035

1.0 ≤ Dm < 1.1

9187

208±24.0

199±0.20

1.03±0.036

1.1 ≤ Dm < 1.2

9321

262±26.2

245±0.22

1.03±0.037

1.2 ≤ Dm < 1.3

9591

325±34.1

299±0.25

1.03±0.038

1.3 ≤ Dm < 1.4

6624

398±42.5

361±0.33

1.03±0.048

1.4 ≤ Dm < 1.5

5945

474±45.9

452±0.39

1.04±0.054

1.5 ≤ Dm < 1.6

4598

565±53.7

497±0.51

1.04±0.067

1.6 ≤ Dm < 1.7

3227

665±69.1

571±0.70

1.07±0.088

1.7 ≤ Dm < 1.8

2163

780±88.6

655±0.97

1.07±0.119

1.8 ≤ Dm < 1.9

1257

892±75.4

737±1.6

1.10±0.182

82

Figure 4.2 Coefficient of Z-R relationship stratified by Dm for stratiform RSDs measured
by 2DVDs in Huntsville, Alabama. The box and whiskers were determined using
equation (4.10) (i.e., theoretical) and the empirically determined coefficients are from
Table 4.1. The circles represent theoretical coefficients that exceeded 150% of the
interquartile range (i.e., outliers).
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𝑅 = 6.50 × 10−3 𝐷𝑚 −2.186 𝑍ℎ 0.96 .

(4.14)

If we used a “b” exponent of unity then that would have resulted in a rain rate estimator
that was biased 26% high relative to the disdrometer measurements. Although the
theoretical estimator given by (4.10) had similar standard error as (4.14) relative to the
disdrometers, it resulted in a much higher absolute bias and standard error relative to the
one hour rain gauge accumulations that are discussed later in this chapter.
A fit to the entire dataset of stratiform RSDs (i.e., not stratified by Dm) yielded a
single parameter rain rate estimator,
𝑅 = 39.1 × 10−3 𝑍ℎ 0.61 ,

(4.15)

that upon inversion gives Z = 210R1.66— remarkably similar to the well-known
Marshall-Palmer Z-R relationship often used in rain rate retrievals of stratiform
precipitation (Marshall et al. 1955; Gorgucci et al. 2000; Uijlenhoet 2001; Bellon et al.
2005; Martner et al. 2008; Overeem et al. 2009). Similar to Sharma et al. (2009), we also
normalized reflectivity by Dm to obtain a Z/Dm-R type rainfall estimator,
𝑍ℎ 0.741
𝑅 = 19.8 × 10−3 ( )
.
𝐷𝑚

(4.16)

However, we used the Zh from radar scattering simulations at C-band whereas
Sharma et al. (2009) used the reflectivity derived directly from disdrometer
measurements (i.e., the sixth moment of the DSD). Thus our formulation is likely more
applicable to retrieving a rainfall estimate from radar measurements, at least at C-band
frequencies.
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Table 4.2 Uncertainty of rain rate estimators based on disdrometer measurements for
R > 0.2, 1, 3 and 5 mm h-1.

Rain Rate Threshold

Number of Samples

Estimator

NSE (%)

(mm h-1)
> 0.2

>1

>3

>5

79045
Z-R
Z/Dm-R
R(Zh, Dm)

28.8
37.9
13.1

Z-R
Z/Dm-R
R(Zh, Dm)

32.6
24.9
11.2

Z-R
Z/Dm-R
R(Zh, Dm)

25.1
20.1
9.9

Z-R
Z/Dm-R
R(Zh, Dm)

15.4
14.1
11.1

47389

14621

1783
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Figure 4.3 shows the performance of rain rate estimators given by (4.14), (4.15)
and (4.16) relative to the disdrometer measurements using the following definitions for
fractional bias, mean absolute error and normalized standard error, respectively:
1 𝑁
∑𝑖=1(𝑅𝑒𝑠𝑡,𝑖 − 𝑅2𝑑𝑣𝑑,𝑖 )
𝑁
𝐹𝐵 =
× 100%, ,
̅̅̅̅̅̅̅
𝑅2𝑑𝑣𝑑

(4.17)

1 𝑁
∑𝑖=1|𝑅𝑒𝑠𝑡,𝑖 − 𝑅2𝑑𝑣𝑑,𝑖 |
𝑀𝐴𝐸 = 𝑁
× 100%, ,
̅̅̅̅̅̅̅
𝑅2𝑑𝑣𝑑

(4.18)

̅̅̅̅̅ ̅̅̅̅̅̅̅
√ 1 ∑𝑁
𝑁 𝑖=1(𝑅𝑒𝑠𝑡,𝑖 − 𝑅2𝑑𝑣𝑑,𝑖 − 𝑅𝑒𝑠𝑡 + 𝑅2𝑑𝑣𝑑 )
𝑁𝑆𝐸 =
× 100%,
̅̅̅̅̅̅̅
𝑅2𝑑𝑣𝑑

(4.19)

2

where N is the total number of i disdrometer measurements, Rest,i and R2dvd,i are the rain
rates from the estimator and disdrometer, respectively, and the overbar represents the
mean. The MAE is a robust statistical measure utilized by Bringi et al. (2011) to assess
the performance of radar rainfall estimators for a C-band radar in the United Kingdom
(UK). Tokay et al. (2013) have also used MAE (they called it percent absolute bias) as
well as FB to compare measurements from multiple disdrometers. Although the NSE
provides information similar to MAE, it is a normalized version of the root mean square
error (i.e. the estimator bias has been removed), and therefore it is not biased and
represents a measure of the uncertainty of an estimator due to random error. This statistic
has been used by Carey and Rutledge (2000) to assess the uncertainty associated with
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Figure 4.3 Scatterplot of R from the three estimators (given by equations (4.14], (4.15]
and (4.16]) compared with the observed rainfall rate for the stratiform RSDs sampled by
the 2DVDs in Huntsville, AL.

87

rain rate estimates from a C-band dual-polarimetric radar. The R(Zh, Dm) from (4.14)
was biased low by -3.3% and had an NSE of 13%. Although the Z/Dm-R and Z-R
estimators exhibited less bias, they had 28% and 37% NSE, respectively. In terms of
hydrologic applications, dual-polarimetric rainfall estimators need to be unbiased in order
to increase the skill of hydrologic models beyond that provided by Z-R (Gourley et al.
2010). Thus it is important to keep track of systematic errors in the rainfall estimator if it
is to be used as input to a hydrologic model. After adjusting the R(Zh, Dm) estimator for
its overall bias, we would expect it to provide more hydrologic prediction skill than Z-R
or Z/Dm.
We also examined the error of each estimator as a function of R. The parametric
uncertainty (i.e., scatter about fitted line) of each estimator decreased as R increased, and
the NSE of the Z-R and Z/Dm-R estimators were less than 16% and that of the R(Zh, Dm)
estimator was approximately 11% (Table 4.2). Thus the R(Zh, Dm) estimator was found
to have much lower parametric error, even less than a combined dual-polarimetric rainfall
estimator utilized by Bringi et al. (2011), whose parametric error ranged from 17% to
33% for similar rainfall rates.

4.2.3

Selection of validating rain gauges and radar processing techniques
Rain gauge measurements from the NSSTC meteorological instrument farm in

Huntsville, as well those from the Tennessee Valley Authority (TVA) rain gauge network
served as validation points for the radar rainfall estimates. Although the TVA rain gauge
network consisted of nearly 200 rain gauges (prior to 2011), site surveys conducted as
part of a dual-polarimetric radar demonstration (Petersen et al. 2009) revealed that some
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of the TVA gauges had poor exposure for sampling rainfall (i.e., sited too close to nearby
taller structures or trees), which can result in erroneous enhancement or deficiencies of
the measured rainfall (World Meteorological Organization 2008, chap. 6). Thus we only
considered gauges we determined were properly exposed during a site survey in 2008. In
order to assess which of these gauges were not affected by partial beam blockage, which
causes a systematic underestimation, we only used those gauges that exhibited similar
cumulative daily rainfall totals with the three-parameter combined dual-polarimetric
rainfall algorithm used by ARMOR. Combined dual-polarimetric rainfall estimators
typically exhibit fractional biases less than 15% (e.g., Ryzhkov et al. 2005b; Bringi et al.
2011; Giangrande et al. 2014). Since only ten rain gauges were surveyed, we increased
the sample size by examining several years of rainfall events. The 101 rainy days
between 2008 and 2011, we considered consisted largely of stratiform rainfall as well as
some convective rainfall that occurred along the leading edge of those events that were
mesoscale convective systems. Thus our approach towards validation was to use a small
number of quality rain gauges over a long period of time.
The radar rainfall estimators we considered in the validation are: the R(Zh, Dm)
given by (4.14), the Z-R given by (4.15) and the Z/Dm-R given by (4.16). As a reference
for comparison, we also performed some assessment of the combined dual-polarimetric
rainfall estimator, R(Zh, ZDR, KDP), that has been utilized operationally by ARMOR
(Petersen et al. 2009). The radar rain rate estimates within a 3° x 750 m polar area (i.e.,
nine bins) centered over each rain gauge location were averaged with equal weighting.
This reduced the radar measurement errors by 1⁄√3 since the radar samples obtained for
the three beams are independent (Bringi and Chandrasekar 2001, sec. 5.10 and 8.3).
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Only those bins with ρhv > 0.97 were included to mitigate mixed-phase hydrometeor
contamination from complicating the radar rainfall estimate. Hourly rainfall
accumulations were computed from these radar estimates using center finite differencing
as long consecutive estimates were separated by no more than 10 minutes.
The R(Zh, ZDR, Kdp) estimator had less than 5-15% absolute fractional bias at
most of the gauge locations (Figure 4.4). However, at Pence, Alabama (Figure 4.4b), the
R(Zh, ZDR, Kdp) estimator was biased 35% lower than the gauge, whereas at the North
Huntsville gauge (Figure 4.4d), which is the same distance from ARMOR as Pence, the
bias was only 3.7%. Under typical refractive conditions, a radar beam leaving ARMOR
at an elevation angle of 1.3° is roughly 400-700 m AGL at Pence, whereas the highest
topographical feature between ARMOR and Pence is too low to cause any occultation.
We examined the rainfall totals from nearby rain gauges (i.e., within 25 km) and found
the rain gauge at Pence had daily rainfall amounts 35% less than the closest TVA gauge
at Falkville, Alabama (only 15 km to the southwest). However, the next closest quality
rain gauge was the National Weather Service’s Automated Surface Observing System
weighing rain gauge, which had a 33% lower daily rainfall total than the gauge at Pence.
Furthermore, other reported daily totals from nearby rain gauges that belong to the
Community Collaborative Rain, Hail, and Snow Network (CoCoRaHS; Cifelli et al.
2005) and are used in the Global Historical Climate Network (Menne et al. 2012) were
also less than those recorded by the TVA gauge at Pence. Thus the rainfall totals from
the TVA gauge at Pence are questionable, and therefore we excluded those radar rainfall
estimates from the validation.
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Figure 4.4 Cumulative rainfall in the Tennessee Valley on 100 rainy days between January 10, 2008, to October 27,
2010, from rain gauge measurements and radar rainfall estimators at those gauge locations. The percentages in the
legends are the fractional bias relative to the daily gauge accumulations and the distances are relative to the ARMOR
radar.

Similarly at Scottsboro, the R(Zh, ZDR, Kdp) estimator was also was significantly
lower than the TVA rain gauge (Figure 4.4j). However, at Scottsboro there was a second
rain gauge installed by the University of Alabama Huntsville in support of a dualpolarimetric radar demonstration for the Tennessee Valley Authority (Petersen et al.
2009), and the rainfall rates measured with these two rain gauges were nearly perfectly
correlated (r=0.99). Although there is some higher terrain east of ARMOR, a radar beam
model was compared with a digital elevation model, DEM, using the technique of Bech
et al. (2003) to determine partial beam blockage (PBB), and the results indicated radar
measurements at the 1.3° elevation angle did not suffer any PBB toward Scottsboro, at
least not under standard refractive conditions and for the 1-km horizontal resolution DEM
model (GTOPO30 available from the USGS) we used. However, there are tall, large hills
between ARMOR and Scottsboro—some are 200-300 m higher than ARMOR and
located only 35 km away. So it is possible that a portion of the radar beam may have
been partially blocked by them under the slightest amount of super-refractive conditions
(e.g., rain cooled air between radar and gauge).
Another explanation for this underestimate at Scottsboro is the radar beam height.
Scottsboro is 72 km from ARMOR where the height of the 1.3° elevation radar beam is
between 1500-2500 m AGL, and thus some of the radar measurements at Scottsboro may
have been obtained above the melting layer, especially during the cold season when many
of the widespread stratiform events we considered occurred. Indeed the largest
discrepancy between the radar and gauge at Scottsboro occurred between December 2008
and March 2009, when the top of the melting layer was typically below 2500 km AGL
(Figure 4.5). The ρhv threshold we used to mitigate melting hydrometeors from the
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rainfall estimate would not have removed radar measurements above the ML where ρhv is
similar to that in rain. Since the radar reflectivity of snow can be about 7 dB lower than
that of rain due to the differences in dielectric properties (Smith 1984), our rainfall
estimates obtained above the bright band would underestimate the true rainfall rate. Even
after limiting the comparison at Scottsboro to only the warm season events (i.e., MaySeptember), the R(Zh, ZDR, Kdp) estimator still had a 44% low bias relative to the gauge.
We also tried adjusting the radar rainfall estimates for their bias, but they
remained biased by nearly 20%. This suggests that the amount of underestimation was
also a function of rainfall rate. Another possible cause for the severe underestimation
could have been beam broadening (i.e., the reduction of power in the radar beam with
increasing distance from the radar) as well as non-uniform beam filling (NUBF), which
can bias ZDR by several tenths of a dB at large distances from the radar (Ryzhkov 2007).
Since the R(Zh, ZDR, KDP) estimator tended to become more negatively biased beyond 60
km (Figure 4.4 h, i, j), it is likely that beam broadening and NUBF largely contributed to
this bias. The R(Zh, ZDR, KDP) estimate went from being biased only -5% at 58 km from
the radar to -29% and 45% at 65- and 68-km from the radar, respectively. At Scottsboro,
which is only 4 km further from the radar than Arkdell, the R(Zh, ZDR, KDP) estimate was
biased -59%. This suggests that PBB was not completely accounted for by the radar
beam model-DEM simulation. Additionally, the radar beam overshooting the melting
layer could also complement PBB and NUBF. Given the likely propagation impacts on
the radar estimator, we have elected not to include these gauges—Pulaski, Arkdell and
Scottsborro—as part of the validation dataset.
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Figure 4.5 Monthly distribution of the melting layer top from ARMOR ρhv
measurements over the NSSTC. The box and whiskers are similar to Figure 4.2. The
numbers along the abscissa are the total number of rainy days.
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4.3

Evaluation of radar rainfall estimators

We used the operational rain gauges to assess the performance of the following
radar rainfall estimators: Z-R, Z/Dm-R, R(Zh, Dm) and R(Zh, ZDR, Kdp). Also, we provide
a brief comparison of the performance between an R(Zh, ZDR) type rainfall estimator and
R(Zh, Dm) because the two are based on similar physical characteristics of rainfall. The
radar data was collected in plan-position indicator (PPI) scan mode because this is the
type of radar scanning employed in National Weather Service operations to produce
routine rainfall maps.

4.3.1

Overall performance of radar rainfall estimators
Figure 4.6 shows the hourly rainfall estimates from the radar versus the eight rain

gauges. All four radar rainfall estimators were negatively biased, but among the three we
derived from the disdrometer measurements, the new R(Zh, Dm) estimator given by (4.14)
exhibited the least amount of fractional bias (Figure 4.6a), whereas the single parameter
Z-R given by (4.15) was negatively biased more than 53% (Figure 4.6b). Furthermore,
both the R(Zh, Dm) estimator and Z/Dm-R estimator had an MAE of 50%, which was 7%
lower than that of the Z-R estimator (Figure 4.6b). The three-parameter combined dualpolarimetric rainfall algorithm employed by ARMOR yielded the lowest bias and error of
the four estimators (Figure 4.6d). It had a NSE of 55.1%, similar to but a little higher
than the combined dual-polarimetric estimator utilized by Ryzhkov et al. (2005) for Sband radar measurements. The R(Zh, Dm) estimator had an NSE of 68.1%, which 10%
and 21% lower than that of the Z/Dm-R and Z-R estimators, respectively.
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Although our motivation for investigating an R(Zh, Dm) type estimator was for
non-dual-polarimetric radar, our evaluation was based on ZDR measurements. Thus we
also performed an abridged comparison with an R(Zh, ZDR) estimator that we determined
from the disdrometer measurements in Huntsville and corresponding ARMOR scattering
simulations discussed in section 3. This estimator, 𝑅(𝑍ℎ , 𝑍𝐷𝑅 ) = 0.079𝑍ℎ0.951 10−0.45𝑍𝐷𝑅 ,
had a 60.6% NSE and a -45.6% FB. As expected, the R(Zh, ZDR) estimator had an NSE
that was nearly 8% lower than that of R(Zh, Dm) because the overall uncertainty of the Dm
retrieval from ZDR was 8%. The MAE for both R(Zh, ZDR) and R(Zh, Dm,) was 50%,
which is similar to that of other two-parameter dual-polarimetric radar rainfall estimators
that utilize Zh and ZDR (e.g., Petersen et al. 1999; Gorgucci et al. 2000; Brandes et al.
2002; Ryzhkov et al. 2005b). The R(Zh, ZDR) estimator had nearly a 7% more negative
bias than that of R(Zh, Dm), but both tended to increasingly underestimate the hourly
accumulations associated with more intense rainfall. Similarly, each of the other
estimators in Figure 4.6 also became increasingly biased for hourly rainfall totals
exceeding 3-5 mm. The ARMOR rainfall algorithm (Figure 4.6d) did not suffer from
such bias until the hourly accumulations exceeded 5-10 mm.

4.3.2

Performance of radar rainfall estimators as a function of R
We have evaluated the performance of each rainfall estimator in Figure 4.6 as a

function of hourly rainfall accumulation using four accumulation thresholds and the
resultant statistics are provided in Table 4.3. The NSE decreased with increasing R for
each estimator (Figure 4.7). The R(Zh, ZDR, Kdp) estimator had the lowest bias and error
in all categories of R. However, its error decreased by less than 20% between
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Figure 4.6 Scatterplot of hourly ARMOR rainfall estimates calculated with the (a) R(Zh,
Dm) estimator (equation [4.14]), (b) Z-R estimator (equation [4.15]), (c) Z/Dm-R
estimator (equation [4.16]) and (d) ARMOR combined three-parameter dual-polarimetric
rainfall algorithm, versus rain gauge measurements.
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R > 0.2 mm h-1 and R > 6 mm h-1, whereas the other three estimators exhibited a total
error reduction that exceeded 44%. The MAE of this combined dual-polarimetric
estimator utilized for ARMOR was very similar to the three-parameter dual-polarimetric
estimator employed by Bringi et al. (2011) for C-band radar hourly rainfall estimates in
the UK. Although the ARMOR rainfall algorithm and the R(Zh, Dm) estimator exhibited
only a few percent change in bias across the rainfall categories, the Z-R and Z/Dm-R
estimators exhibited an increasing trend with R.
The R(Zh, Dm), was the second best performer of the group. It had an NSE below
37% for R > 3 mm and became comparable to the R(Zh, ZDR, Kdp) estimator at R > 6 mm
(Figure 4.7). This finding is important because it indicates that the R(Zh, Dm) estimator
can perform just as well as the R(Zh, ZDR, KDP) estimator at moderate rainfall rates. Thus
R(Zh, Dm) has the potential to be used in place of dual-polarimetric measurements, such
as dual-frequency radars (e.g., GPM DPR). Although such radars can retrieve Dm—at
least where signal attenuation is not severe (e.g., R<10-12 mm h-1 at Ka-band)— they
typically utilize only single parameter rainfall estimators (Liao and Meneghini 2005; Seto
and Iguchi 2011). Figure 4.7 also clearly shows that both the Z-R and Z/Dm-R estimators
had consistently higher error than the other two considered, but they too decrease to
nearly 30% for R > 6 mm. The MAE of Z-R and Z/Dm-R actually increased for larger R
(Table 4.3). This can be attributed to their greater underestimation of more intense
rainfall. A similar trend in Z-R was found by Bringi et al. (2011) but only for their
attenuated Z. They utilized the Marshall-Palmer Z-R (Marshall et al. 1955), which can
result in a 10% higher rainfall rate than our Z-R for Z > 40 dBz and partially explains
why the MAE of our Z-R estimator increased with greater thresholds of R.
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Table 4.3 Uncertainty of rain rate estimators based on hourly accumulations from the
eight rain gauges for R > 0.2, 1, 3 and 6 mm h-1.

Hourly Gauge > 0.25 mm

Radar

FB(%)

MAE(%)

NSE(%)

Z-R

-52.6

56.6

89.7

Z/Dm-R

-44.1

50.2

78.2

R(Zh, Dm)

-38.3

51.6

71.7

R(Zh, ZDR, Kdp)

-22.0

37.2

53.6

Z-R

-55.4

56.5

69.1

Z/Dm-R

-47.1

49.3

59.8

R(Zh, Dm)

-42.2

48.6

53.3

R(Zh, ZDR, Kdp)

-24.3

34.4

41.8

Z-R

-61.1

61.1

46.9

Z/Dm-R

-51.8

51.8

41.2

R(Zh, Dm)

-43.9

45.8

36.8

R(Zh, ZDR, Kdp)

-24.0

29.6

30.6

Z-R

-65.4

65.4

33.2

Z/Dm-R

-55.0

55.0

30.5

R(Zh, Dm)

-45.2

45.4

27.1

R(Zh, ZDR, Kdp)

-22.0

25.0

25.1

Estimator
No. of Samples = 11081
Total Accumulation = 23065 mm

Accumulation > 1 mm
No. of Samples = 6746
Total = 21041 mm

Accumulation > 3 mm
No. of Samples = 2375
Total = 13674 mm

Accumulation > 6 mm
No. of Samples = 720
Total = 6928 mm
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Figure 4.7 Normalized standard error of hourly rainfall accumulations from the four
rainfall estimators calculated from ARMOR measurements.
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4.3.3

Performance of radar rainfall estimators as a function of distance
Since the cumulative rainfall totals from the radar estimators became increasingly

biased with increasing distance from the radar (Figure 4.5), we evaluated each estimator
as a function of distance from the radar. We computed the NSE at five different
distances from the radar: 10-, 20-, 40-, 50- and 60-km using measurements from the
eight rain gauges. The NSE for the Z-based estimators decreased 10-20% from 10 to 40
km in range beyond which point they steadily increased to 75 to 90% at 68 km from the
radar (Figure 4.8). This trend is similar to the RMSE calculated at different ranges from
a radar in Oklahoma (Giangrande and Ryzhkov 2008), except we found the absolute
minimum NSE associated with each estimator to occur roughly 20 km closer to the radar.
This difference could be the result of case selection or radar rainfall processing. We used
a simple ρhv < 0.97 to reduce contamination from the melting layer, differing from the
approach of Giangrande and Ryzhkov (2008) who employed a more sophisticated
technique based on hydrometeor identification.
The R(Zh, Dm) estimator that we formulated and tested against rain gauges had
lower bias and error than Z-R and Z/Dm-R estimators. It also exhibited similar error to a
three-parameter dual-polarimetric rainfall estimator at moderate rainfall intensities, which
indicates the R(Zh, Dm) estimator may offer some benefits for rainfall estimation from
dual-frequency type radars, which are capable of retrieving Dm (Le and Chandrasekar
2014). However, none of the radar rainfall estimators are immune to the effects of the
vertical variability of precipitation. This manifests itself as an increasing bias with
increasing distance from the radar, similar to the vertical profile of reflectivity and due
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Figure 4.8 Range dependency of the radar rainfall estimator.
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largely in part to the presence of radar bright bands (Koistinen 1991; Fabry et al. 1992).
Since each of the four radar rainfall estimators exhibited degraded performance with
range, a correction to account for the vertical profile of polarimetric parameters may
prove beneficial to the R(Zh, Dm) or similarly an R(Zh, ZDR) rainfall estimator, which are
impacted by the reflectivity and differential reflectivity bright bands.
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CHAPTER 5

VERTICAL VARIABILITY OF POLARIMETRIC PARAMETERS (VP3)

One of the motivating factors of this study was to improve radar rainfall
estimation at distance ranges from the radar where the radar beam is well above the
ground and thus suffers from biases due to the vertical variability of precipitation. The
largest biases typically occur where the radar beam intercepts the melting layer causing a
radar bright band that directly impacts radar rainfall estimates that utilize singlepolarization reflectivity measurements (e.g., Smith 1986; Koistinen 1991; Kitchen 1997;
Bellon et al. 2005; Krajewski et al. 2011). Although dual-polarimetric rainfall estimators
can have less bias and error than traditional Z-R estimators (Bringi and Chandrasekar
2001, chap. 8), the amount of improvement offered can be hampered at ranges where the
radar beam encounters non-rain hydrometeors (e.g., Giangrande and Ryzhkov 2008;
Cunha et al. 2013). These range-dependent effects are manifested as significant
variations in the vertical profile of dual-polarimetric measurements obtained from volume
scanning radar.
For example, Figure 5.1 shows the effects of the vertical variability of
polarimetric parameters (VP3) on stratiform rainfall estimation at different heights and
ranges relative to the radar. The profiles of Ze and ZDR were extracted from a 10-min
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Figure 5.1 Example of the relative bias of R(Zh, ZDR) as a function of height due to the
vertical profiles of Zh and ZDR obtained at 10 km range (i.e., VP3) from a sequence of
ARMOR RHI scans. The colored lines are the apparent vertical profiles at different
ranges from the radar (i.e., the initial profile at 10 km range was corrected for beam
broadening).
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sequence of ARMOR RHI scans near the radar (range of 10 km) and used to compute the
relative bias error (Bringi and Chandrasekar 2001, sec. 8.3),
Δ𝑅
= (10𝑐Δ𝑍ℎ 10𝑑Δ𝑍𝐷𝑅 − 1) ,
𝑅

(5.1)

where c = 0.88 and d = -3.74, which are the exponents of the R(Zh, ZDR) estimator from
(Gorgucci et al. 1996) and used in the ARMOR rainfall algorithm, and Δ is the
measurement bias or in our example it is the departure of the radar measurement from
that obtained at the lowest radar elevation (i.e., bright band intensity). In order to utilize
(5.1) for this example, assume that R(Zh, ZDR) is an unbiased estimator near the ground
and that the precipitation is horizontally uniform. Although such assumptions are not
realistic, they were used to simplify our example.
It is readily apparent from Figure 5.1 that the R(Zh, ZDR) estimates in the bright
band, which was located around 2-2.5 km ARL, are biased up to a factor of seven relative
to that obtained just above the ground. At 30-km from the radar, the bias in the bright
band is reduced to less than a factor of five, and it is reduced even more at farther
distances as radar sample volume becomes increasingly larger. Such large biases in the
bright band and their range dependency have been reported by numerous others, albeit
mostly using Z-R type estimators, (e.g., Smith 1986; Koistinen 1991; Kitchen et al. 1994;
Smyth and Illingworth 1998; Vignal and Krajewski 2001; Giangrande and Ryzhkov
2008). There are numerous ways to identify the vertical profile of reflectivity, VPR, and
mitigate this bias for Z-R type rainfall estimates (Andrieu and Creutin 1995; Kitchen
1997; Vignal et al. 2000; Dotzek et al. 2002), yet little is known about the impacts of
vertical profile of polarimetric parameters (VP3) on dual-polarimetric rainfall estimates.
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5.1

Influence of VPR correction on R(Zh, ZDR)

We simulated a VPR correction to the reflectivity profile in Figure 5.1 by setting
ΔZe = 0 dB in (5.1), to isolate the impact of the ZDR profile on the R(Zh, ZDR) bias (Figure
5.2). The VPR correction largely reshaped the vertical profile of ΔR/R in Figure 5.1 and
significantly reduced the R bias to less than 50%, especially within the bright band.
However, it did lead to a larger R bias below the bright band at all four distances from the
radar.
The R(Zh, ZDR) type estimators are designed such that biases in Zh and ZDR work
in opposite directions. For example, although ZDR was greatest around 2 km ARL
(Figure 5.1), it occurred near the bottom half of the bright band where Ze was still
enhanced such that the magnitude of the R(Zh, ZDR) bias was less than 5%. After the
VPR correction, though, the magnitude of the R bias around 2 km ARL increased 5560% such that R(Zh, ZDR) estimates at this altitude now underestimated the amount of
rainfall near the ground more than without the VPR correction. This detrimental effect of
the VPR correction similarly impacted the R(Zh, ZDR) estimates at farther distances from
the radar, albeit to a lesser extent since the R bias was reduced but spread over a greater
vertical distance (Figure 5.2). Although the lower level ΔZDR maximum at 120-km from
the radar was not as large as those closer to the radar, after the VPR correction it still
caused an R bias of -25%, which is 5-10% greater in magnitude than without the VPR
correction. Also, R(Zh, ZDR) estimates obtained just above the bright band—around 3 km
ARL where ΔZDR < 0 dB—had 10%-50% larger absolute bias after the VPR correction
compared to before. So in this example, the VPR correction did reduce the overall mean
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Figure 5.2 Profile of the R(Zh, ZDR) bias relative to that near the ground after removal of
the bias due to the ΔZe profile in Figure 5.1 (i.e., the R bias shown is solely due to ΔZDR
in Figure 5.1).
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bias in R(Zh, ZDR) relative to that obtained close to the ground, but a bias still remained
due to the VP3 (i.e., profile of ZDR). Thus a similar vertical profile correction is needed
for ZDR in order to further mitigate range-dependent biases in dual-polarimetric rainfall
estimators.

5.2

Characteristics of the VP3

There have been numerous studies to document dual-polarimetric signatures
associated with the melting layer (Caylor and Illingworth 1989; Zrnic et al. 1993;
Brandes and Ikeda 2004; Giangrande et al. 2008), but only Tabary et al. (2006) actually
reported characteristics of the VP3 from long-term radar measurements of stratiform
precipitation. However, Tabary et al. (2006) used measurements from an operational
radar near Paris, France that does not perform RHIs as part of its routine scanning
strategy (Gourley et al. 2006). Giangrande (2007) also examined melting layer
characteristics of dual-polarimetric measurements using only higher radar elevation
angles from PPI scans collected with the KOUN radar during 10 rainfall events that
occurred in the Joint Polarimetric Experiment (Ryzhkov et al. 2005b). There appears to
be far less information published regarding the height, magnitude and thickness of the
ZDR bright band or ρhv “dark band” (referred to as “dark” since ρhv in mixed-phase is less
than that in only snow or rain) for different precipitation types and rainfall rates. This
information was required to develop characteristic VP3 profiles for use in radar rainfall
estimation.
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5.2.1

Melting signatures of the VP3
Since the presence of a reflectivity bright band is largely unique to stratiform

precipitation, we partitioned our VP3 database into stratiform and non stratiform profiles
accordingly. However, we performed some quality control of the extracted RHI profiles
prior to partitioning the dataset. All profiles were required to have a maximum
Ze > 10 dBz and a 5 dBz echo region extending over a depth of 2 km or more in order to
mitigate relatively weak signal echoes as well as profiles obtained through precipitation
that were only partially dissected by an RHI (e.g., edge of a storm, anvil regions). This
reduced the dataset by 21%, but retained the total number of events (18) and ensured it
contained robust vertical profiles. Since beam broadening tends to widen the radar
signatures of melting, especially the dual-polarimetric variables, we followed the method
of Ryzhkov (2007) to reduce this bias. We also vertically averaged the VP3s into 50 m
height bins to reduce sampling bias—the RHI scans were conducted with different
spacing between elevation angles (either 0.1° or 0.2°) that resulted in a vertical resolution
of 25 m to 60 m at 14.63 km range.
After quality control of the VP3s, we employed a curvature-based technique used
by Fabry and Zawadzki (1995) to identify the peak, top and bottom of the Ze bright band.
The Ze 150 m below the bright band and mean Ze 50 m above the bright band were also
computed since they help provide an indication of precipitation intensity and
characteristics of its origin, respectively. Prior to execution of the bright band detection
algorithm, the profiles of Ze (i.e., VPRs) were averaged over a ten minute interval to
reduce the random fluctuations of the radar measurements that can severely complicate
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any curvature-based technique. A bright band was detected when a top and bottom were
found and its intensity (i.e., ΔZe) exceeded 1 dB.
About 70% of the VPRs had a bright band that met these criteria and thus were
classified as stratiform. Although the term VPR is typically used to refer to the vertical
profile of Zh (i.e., horizontal reflectivity), we include it as part of our VP3 definition for
brevity, except where explicitly noted. The stratiform VP3s extracted at 14.63 km from
ARMOR RHI scans are summarized in Figure 5.3 as contoured frequency by altitude
displays (CFAD; Yuter and Houze 1995) relative to the top of the ρhv dark band, which
was used to delineate the top of the melting layer. The shape of the Ze profiles closely
followed the characteristic VPR (Fabry and Zawadzki 1995), and the shapes of the ZDR,
ρhv and KDP profiles also agree with other dual-polarimetric measurements through
stratiform precipitation (Caylor and Illingworth 1989; Zrnic et al. 1993; Brandes and
Ikeda 2004; Tabary et al. 2006). Both Ze and ZDR exhibited distinct signatures of melting
snow. This indicates our partitioning technique produced reasonable results. The ZDR
profiles are much more vertically oriented than those of Ze, except within the ML, where
ZDR was found to exceed 4 dB for almost a quarter of the stratiform VP3s (Figure 5.3b).
The CFAD of Kdp in Figure 5.3d, shows most profiles were centered around 01°km-1, whereas others were around 2-3° km-1. There were four events which had
negatively biased KDP profiles that were not considered in Figure 5.3—December 16 and
20, 2012, January 9, and March 11, 2013. The ARMOR logbook indicated the system
phase had drifted and required adjustment a couple times in 2012 to mitigate folding of
ψDP . This led us to question the stability of the radar’s system phase during those four
events. These four negative KDP events comprised about 14% of the KDP profiles, but our
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Figure 5.3 Vertical profile of polarimetric parameters: (a) Ze, (b) ZDR, (c) ρhv and (d)
Kdp relative to the top of the ρhv dark band (i.e., top of the mixed-phase region). The
colored images are the frequency altitude distribution relative to the maximum number of
occurrences, and the contour lines represent the 25th, 50th, 75th and 95th percentiles of the
distributions from lightest to darkest shading, respectively.

112

motivation for characterizing the VP3 was to improve R(Zh, ZDR) estimates that do not
employ KDP. So our analysis of the KDP profiles will be rather brief. Also, we did not
correct KDP for the effects of beam broadening since that would have required profiles
extracted at different ranges from the radar, which were not obtained for this study. Thus
the vertical extent of KDP signatures around the melting layer was slightly exaggerated.
As with the other variables, KDP exhibited noticeable excursions within the melting layer,
some with a magnitude as great as 5° km-1. Around the top of the ρhv dark band (i.e.,
freezing level) we found a layer of negative KDP that was above a layer of positive KDP
excursions that were centered on the ρhv minimum. Around the base of the melting layer
KDP became slightly negative again. These vertical trends of KDP agree with those in the
trailing stratiform region of an MCS reported at S-band frequency by Zrnic et al. (1993),
which they attribute to the presence of backscatter differential phase shift that may occur
in the presence of mixed-phase hydrometeors, especially at C-band (Trömel et al. 2013).
Since ZDR exhibited a shape near the melting layer similar to that of the Ze bright
band (Figure 5.3), we also employed the curvature-based technique to extract the bright
band from the ZDR profiles in Figure 5.3b. The height of maximum curvature in the ZDR
profile was defined as the peak of the ZDR bright band, and the height of minimum
curvature above (below) this height was defined as the top (bottom) of the ZDR bright
band. The intensity of the ZDR bright band was defined similar to that of the Ze bright
band—the difference between the maximum in the bright band and that 150 m below the
bottom of the bright band. We also used the curvature technique to help identify the
height of the ρhv minimum typically associated with melting precipitation. We employed
a ρhv threshold of 0.97 to identify the top and bottom of the ρhv “dark” band so that it
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closely followed the expected ML boundaries. This threshold represents typical values of
ρhv for mixed-phase hydrometeors (Illingworth and Caylor 1991; Vivekanandan et al.
1993; Zrnic et al. 1994). The height above (below) the ρhv minimum where ρhv first
exceeded 0.97 was defined as the top (bottom) of the ρhv dark band. Since the ρhv dark
band serves as a good proxy for delineating melting hydrometeors (Zrnic et al. 1993;
Hagen et al. 1993; Brandes and Ikeda 2004; Tabary et al. 2006), from this point forward
we will refer to the top of the ρhv dark band as the top of the melting layer. Similar to the
Ze bright band algorithm, we averaged the profiles of ZDR and ρhv over 10-min before
they were input into their respective bright/dark band detection algorithms, and the 10min output was linearly interpolated to the variable temporal resolution of the extracted
profiles in order to restore the original temporal resolution.
Characteristics of the stratiform Ze and ZDR bright bands as well as the ρhv dark
band for the stratiform VP3s in Figure 5.3 are provided in Table 5.1. The median value
of the ZDR bright band maximum was 1.7 dB with 90% of the maximum values between
1.1 and 2.9 dB. The ZDR bright band intensity was around 0.7-1.2 dB, and less than 95%
exceeded 2.0 dB. The ρhv minimum was between 0.86 to 0.96 in 90% of the stratiform
dark bands with a median value around 0.93, similar to the average reported in the ML by
Tabary et al. (2006). The Ze bright band intensity was between 3 and 10 dB for 90% of
the stratiform VP3s with a median intensity around 6 dB. The maximum Ze attained in
the bright band was less than 43 dBz for 95% of the stratiform profiles, which falls within
the range of the bright bands measured by Fabry and Zawadzki (1995).
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Table 5.1 Characteristics of the VP3 bright/dark band signatures in stratiform precipitation. P05, P25, P50, P75 and
P95 are the 5th, 25th, 50th, 75th and 95th percentiles, respectively, of the distributions containing n samples. The peak
value for ρhv refers to its minimum value attained in the dark band. All heights refer to the location of the bright/dark
band peak.

Bright/Dark band

Intensity [dB]

Height above melting layer [km]

Thickness [km]

0.5 / 0.7 / 0.9 / 1.2 / 2.0

-0.71 / -0.55 / -0.45 / -0.36 / -0.25

0.61 / 0.71 / 0.79 / 0.89 / 1.12

N/A

-0.47 / -0.35 / -0.28 / -0.20 / -0.12

0.25 / 0.40 / 0.54 / 0.66 / 0.84

3 / 5 / 6 / 7 / 10

-0.58 / -0.49 / -0.37 / -0.25 / -0.12

0.72 / 0.82 / 0.90 / 1.05 / 1.30

P05 / P25 / P50 / P75 / P95

ZDR

1.1 / 1.5 / 1.7 / 2.3 / 2.9 dB
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n=1746

ρhv

0.86 / 0.91 / 0.93 / 0.95 / 0.96

n=1932

Ze
n=2575

22 / 28 / 33 / 38 / 43 dBz

We also considered the positions of the bright/dark band signatures relative to the
top of the ML (Table 5.1). The peak of the Ze bright band was always below the top of
the melting layer (ML) and an average of 117 m higher than peak of the ZDR bright band.
However, the Ze bright band peak was surprisingly lower than the height of the minimum
ρhv for 81% of the VP3s. The Ze bright band peak was an average distance of 67 m
below the ρhv minimum and 25% of the Ze peaks were more than 130 m below the ρhv
minimum. This does not agree with theory that indicates the Ze maximum should occur
at a higher altitude than the ρhv minimum, and it also does not agree with other dualpolarimetric measurements through the ML (Zrnic et al. 1993; Brandes and Ikeda 2004;
Giangrande 2007). This discrepancy could simply be due to poorly identified bright band
boundaries due to insufficient vertical resolution (i.e., the points of maximum curvature
may not have been place properly since the altitude of the radar measurements from the
RHI scans were not evenly spaced). Thus we somewhat question our retrieved ρhv
minimum altitudes.
One possibility is that we did not sufficiently correct for beam broadening. This
can cause the ρhv minimum to be lower than the true vertical profile of ρhv minimum,
especially at low radar elevation angles (Giangrande et al. 2008). However, our radar
samples of the dark band were all obtained at radar elevation angles in the range of 7° to
18°, where the bias is expected to be minimal (Giangrande et al. 2008). Thus it is
unlikely there was error in our position of the ρhv minimum altitudes due to beam
broadening. There is another possible explanation.
Assuming the ρhv minimum represents the height at which roughly half of the
hydrometeor mass in the melting layer is liquid, a relatively high concentration of large
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aggregates present in the upper half would tend to lower the height of the ρhv minimum
since a farther distance would be required to melt half of the water present in the ML.
Large wet aggregates present just prior to collapsing into oblate raindrops can reduce the
ρhv at lower altitudes in the ML since these types of hydrometeors tend to dominate the
ρhv signal (Zrnic et al. 1994), especially if resonance (i.e., non-Rayleigh) scattering
occurs to produce backscattering differential phase (Trömel et al. 2013). Furthermore,
the Ze peak would tend follow the height where the highest concentration of large, wet
hydrometeors was located. This may occur closer to the 0°C level (i.e., higher than the
ρhv minimum) if aggregation was rather active in the upper part of the ML.
The Ze peak was 120 to 580 m below the top of the ML, whereas the ρhv
minimum was 120 to 470 m below and the ZDR peak was 250 to 710 m below it for 90%
of the stratiform profiles. These positions relative to the top of the ML are consistent
with previous observations (e.g., Caylor and Illingworth 1989; Zrnic et al. 1993; Brandes
and Ikeda 2004; Giangrande 2007). The Ze bright band was also always thicker than its
ZDR and ρhv counterparts (Figure 5.4). The Ze bright band thickness ranged from 720 to
1300 m thick and the ZDR bright band was 610 to 1120 m thick for 90% of the stratiform
profiles. This highlights the response of Zh to D6, compared to ZDR, which is more
responsive to the shape, albeit still somewhat influenced by the size of melting
hydrometeors.
Since the profiles were extracted at a distance of nearly 15 km from the radar,
there is some beam broadening that occurred, which can bias the dual-polarimetric
measurements. The ρhv dark band we observed were 250 to 840 m thick, which is similar
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Figure 5.4 Distance between the top and bottom of (a) Ze bright band, (b) ZDR bright
band and (c) ρhv dark band. The solid curve is the cumulative distribution of the
thickness retrievals and the histogram shaded with diagonal lines is the thickness without
correcting for radar beam broadening.
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to the vertical extent of melting observed with aircraft probes (Stewart et al. 1984; Willis
and Heymsfield 1989; Zrnic et al. 1993). This provided confidence in the beam
broadening bias correction we employed, which Ryzhkov (2007) indicated may not be
suitable for quantitative use. In Figure 5.4 we also show the range of thickness values for
each parameter without correcting for beam broadening. Overall, the trends were still the
same in that the Ze bright band was mostly thicker than those of ZDR and ρhv. We see that
ρhv was impacted the most by the correction—without it, ρhv would have overestimated
the extent of melting by roughly 250-300 m. This offset was very close to the 236 m bias
in the ML thickness estimates we found in Chapter 3, which were compared with
vertically pointing radar (see Table 3.2), and thus provided additional confidence in using
the beam broadening bias correction, at least for our high resolution RHI dataset that was
obtained relatively close to the radar.
Since the motivation for this part of the study was to devise a bias correction for
the ZDR bright band that impacts radar rainfall estimation (see Figure 5.2), we also
examined the correlation between characteristics of the ZDR bright band and several other
characteristics of the VP3 (Table 5.2) in hopes of finding some relationship that may be
used to help with the correction. The intensity of the ZDR bright band exhibited the
strongest linear relationship with the Ze in the rain, and had a linear correlation
coefficient of -0.59. This also indicates that the ZDR bright band causes a negative bias in
the radar rainfall estimate (see Figure 5.2).
Relatively weak ZDR bright bands (i.e., those where ZDR in the rain was < 0.50.7 dB that in the bright band) were observed when the ZDR in the rain was relatively
large (e.g., > 2 dB). Thus the ZDR bright band intensity was also negatively correlated
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Table 5.2 Linear and rank correlations between characteristics of the ZDR bright band and
VP3s.

VP3
Characteristic

ZDR Bright Band
Intensity

Rain below

Thickness

Linear / Rank

Linear / Rank

Linear / Rank

Ze thickness

-0.22 / -0.26

0.48/ 0.50

0.17 / 0.24

ΔZe bright band

0.02 / -0.09

0.26 / 0.22

-0.20 / -0.14

Ze peak

-0.55 / -0.60

0.62 / 0.71

0.07 / 0.12

Ze rain below

-0.59 / -0.62

0.58 / 0.68

0.14 / 0.19

Ze snow above

-0.54 / -0.58

0.53 / 0.63

0.02 / 0.07

ρhv thickness

-0.07 / -0.09

0.23 / 0.25

0.31 / 0.42

ρhv minimum

-0.01 / 0.04

-0.43 / -0.40

-0.03 / -0.14
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with the ZDR in the rain below. Since Ze and ZDR in rain give an indication of raindrop
size, the less intense ZDR bright bands tend to be associated with the production of larger
raindrops. The ZDR in the rain exhibited good linear correlation to Ze within and above
the Ze bright band. This was expected since ZDR is also a power-based measurement.
The thickness of the ZDR bright band had rather weak correlation with most of the
parameters in Table 5.2. There was a tendency for the ZDR bright band to become thicker
with increasing thickness of the ρhv dark band. Although the linear correlation was only
0.31, Figure 5.5 clearly shows this seemingly linear trend. This indicates the ZDR bright
band thickness is tied to the size of the melting particles, and thus agrees with theory (see
equation [2.5]).
The bottom of the ZDR bright band was always below the bottom of the ML, even
if a ρhv = 0.98 was used to delineate the ML. These findings complement those of
Chapter 3 (i.e., thicker ML implies larger raindrops). The findings from the correlation
analysis suggested the ZDR bright band can be characterized using Ze in the rain, peak Ze,
and ML thickness.

5.2.2

Characteristic profile of ZDR
Since ZDR typically ranged between 0 to 2 dB, and was as large as 4 dB in the ML

(see Figure 5.3), we needed to consider the variability of the ZDR profile for a range of
different conditions in order to construct a characteristic ZDR profile for operational use.
Thus we examined the ZDR profiles as a function of the Ze bright band and ML
characteristics that were found to have relatively good correlation with the intensity and
thickness of the ZDR bright band as well as the ZDR in rain below the bright band
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Figure 5.5 Relative frequency distribution of ρhv dark band thickness (i.e., ML) and ZDR
bright band thickness.
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(Table 5.2). The results are plotted in Figure 5.6, which shows the median and the 25th
and 75th quartiles of ZDR in 50 m vertical layers for several different thresholds of Ze in
the rain, maximum bright band Ze and thickness of the ML. We chose to use the
quantiles as opposed to mean and standard deviation, because the power-based
measurements are intrinsically defined in linear units instead of logarithmic. However,
we did examine the mean and standard deviation and found similar trends. These profiles
were all obtained at a constant distance from the radar. The profiles are plotted relative
to the height of the maximum reflectivity in the bright band (i.e., Ze bright band peak
height), which can easily be obtained with most common operational radar scanning
strategies (Sánchez-Diezma et al. 2000; Vignal et al. 2000; Gourley and Calvert 2003;
Zhang et al. 2008). However, height of the maximum ZDR in the bright band is also
easily extractable (Zrnic et al. 1993; Brandes and Ikeda 2004; Giangrande et al. 2008).
The values chosen for the thresholds were based on the 25th, 50th and 75th quartiles of the
variable so that each subset contained a similar number of ZDR profiles.
The left column in Figure 5.6(a, d, g, j) shows the variability of ZDR profiles for
several ranges of Ze measured 150 m below the reflectivity bright band (i.e., in the rain),
which was found to exhibit a good negative correlation with ZDR bright band intensity
(ΔZDR). The median ΔZDR decreased from 1.2 dB for Ze < 22 dBz to 0.6 dB for Ze ≥ 32
dBz. However, the ZDR in the rain increased with increasing Ze in the rain (Figure 5.6a,
d, g, j), which implies that larger raindrops were present when a less intense ZDR bright
band existed. This trend is in contrast to the reflectivity bright band, whose intensity
(ΔZe) has been found to be positively correlated with raindrop size (Huggel et al. 1996).
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Figure 5.6 Characteristic ZDR profiles relative to the height of the reflectivity bright
band. The solid line is the median and the error bars are the 25th and 75th quartiles,
respectively. All profiles were extracted from ARMOR RHI scans at a distance of 14.63
km from the radar.
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We also found a positive correlation existed between ZDR in the rain and ΔZe but it was
rather weak (Table 5.2).
Interestingly we found increasing Ze in the rain was associated with lower values
of ZDR above the ML. For Ze > 32 dBz, the median ZDR 0.5-2 km above the reflectivity
bright band was 0.5-0.6 dB (Figure 5.6j), whereas it was 0.8-0.9 dB in this snow region
for weaker reflectivity (Figure 5.6a, d). However, there may have been some differential
attenuation that was not fully accounted for through the melting layer. We also found the
Ze in the snow region increased with increasing Ze in the rain region. Lower values of
ZDR and higher values of Ze above the ML are associated with large snowflake
aggregates, especially those that are rimed (Vivekanandan et al. 1994). Thus a less
intense ZDR bright band and greater Ze and ZDR at low levels seem to be linked to
enhanced aggregation aloft as well as larger raindrops. If we assume rainfall rate
increases with Ze, this also suggests that more intense rainfall rates are associated with
less intense ZDR bright bands.
The middle column in Figure 5.6 (b, e, h, k) shows vertical profiles of ZDR as a
function of the maximum (or peak) Ze in the reflectivity bright band, which exhibited a
rather good correlation with ZDR in the rain (Table 5.2). The ZDR in the rain shifted from
0.5 dB at relatively low reflectivity bright bands (Figure 5.6b) to 1.4-1.5 dB for those that
contained Ze ≥ 38 dBz (Figure 5.6k). This behavior is similar to that of VPR, which also
exhibits greater Ze in the rain for larger peak Ze (Fabry and Zawadzki 1995). Similarly,
we found that a weak linear correlation (0.49) existed between the peak ZDR and ZDR in
the rain. There also was a tendency for lower ZDR in the snow region to be associated
with greater peak Ze. However, this trend of ZDR was largely confined to a 1 km layer of
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snow above the reflectivity bright band, which is the region where the number of
aggregates can become rather plentiful (Stewart et al. 1984; Willis and Heymsfield 1989;
Zrnic et al. 1993). Thus the ZDR in the rain is also tied to the aggregation efficiency aloft.
This is not the sole cause for high ZDR in the rain though, since preferential depletion of
small raindrops in sub-saturated environments can also lead to greater ZDR values in the
rain (Kumjian and Ryzhkov 2010). We also observed a slight decrease of Ze below the
ML for peak Ze ≥ 38 dBz. This indicates evaporative effects may have partially played a
role in enhancing the ZDR. Although decreasing Ze toward the ground can also indicate
size sorting, ZDR did not exhibit an increase toward the ground (not even at the 10th and
90th percentiles), at least not for the stronger reflectivity bright bands. Thus it seems that
an increase of bright band reflectivity and ZDR in the rain may also be associated with an
increase in sub-cloud evaporation.
The right column in Figure 5.6 (c, f, i, l) again depicts the ZDR profiles, but this
time for ML thicknesses that exhibited the highest correlation with the thickness of the
ZDR bright band. Although this correlation was rather weak (Table 5.2), clearly a linear
type relationship existed (Figure 5.5). There was little difference in the overall values of
ZDR as the ML thickened, at least not compared to the profiles examined as a function of
Ze. The median ZDR bright band thickness increased from 750 m for the thinnest MLs
(Figure 5.6c) to 886 m for the thickest MLs (Figure 5.6l). Similar to the more intense Ze
cases (Figure 5.6j, k), we found the thickest MLs to generally have lower median ZDR 1-2
km above the bright band, although there was a great deal of overlap between the
quartiles and most profiles differed less than 0.2-0.3 dB (i.e., roughly the measurement
uncertainty of ZDR) .
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Below the bright band, many of the ZDR profiles exhibited a steady increase
towards the ground. For example, when the ML < 550 m thick ZDR increased from
0.8 dB at 0.5 km below the reflectivity bright band to 1.1 dB 2 km below the bright band
(Figure 5.6c, f). A similar trend can be seen in nearly each subset shown in Figure 5.6,
except when the Ze in the rain exceeded 32 dBz (Figure 5.6j) and beneath the thicker
MLs (Figure 5.6i, l). Since this gradual increase in ZDR was rather consistent, it’s
doubtful to be a result of measurement error. An increase of ZDR toward the ground is
indicative of small raindrop depletion through either coalescence or evaporation. The
median Ze exhibited less than a 1 dB increase below the bright band in all of the profiles
we examined. If evaporation was the cause of the ZDR increase toward the ground, then
Ze may exhibit a slight decrease, whereas if coalescence was ongoing, Ze should increase
(Rosenfeld and Ulbrich 2003). It is possible that the concentration of large raindrops
kept Ze from decreasing if evaporation was the cause of the increased ZDR. A closer look
at KDP might yield a little more insight into this possibility since KDP is less sensitive than
Zh to large raindrops (D3 vs D6).
Above the bright band, most of the ZDR profiles exhibited locally higher values
around 2.5-3.0 km above the reflectivity maximum. Some profiles had ZDR of 1-2 dB at
those heights, which indicates the presence of frozen hydrometeors with an apparent
dimension (i.e., relative to the radar viewing angle) that was larger horizontally than
vertically, such as dendrites. An enhanced ZDR region seems to be a consistent feature of
deep stratiform regions around -15°C (Bader et al. 1987; Kennedy and Rutledge 2011;
Andrić et al. 2013; Williams et al. 2015). This enhanced ZDR well above the freezing
level has been attributed to the increased depositional growth of dendrites that occurs at
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temperatures where ice is super-saturated with respect to water (Moisseev et al. 2009;
Kennedy and Rutledge 2011; Andrić et al. 2013).

5.3

The VP3 correction for ZDR

The VP3 correction for ZDR is given in Figure 5.7. It was constructed from the
median of the profiles in Figure 5.6. However, instead of constructing it relative to the
reflectivity bright band, we determined the ZDR profile relative to that measured in the
rain. This provided us with a starting point to determine how much correction was
needed to extend the measured ZDR profile to the ground. We also constructed the ZDR
correction relative to the height of the ZDR bright band, which was also required to
determine where to apply the correction. Furthermore, the height of the ZDR bright band
can be easily estimated from operational radars. Radar measurements obtained within the
rain require little if any correction, since the ZDR profile varied less than 0.2-0.3 dB below
the bright band (Figure 5.8).

5.3.1

Simulation of operational radar scanning
In order to test the VP3 correction we again utilized the profiles extracted from

ARMOR RHI scans over the NSSTC. However, we only consider measurements
obtained at elevation angles where the radar beam intersected the ZDR bright band and
modified the resultant profile for beam broadening. This effectively simulates radar
sampling at farther distances. Furthermore, we only used elevation angles that
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Figure 5.7 Statistical summary of ZDR profiles relative to that in the rain. The error bars
are the percentiles and the solid line is the median.
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Figure 5.8 Vertical gradient of ZDR from the profiles in Figure 5.7. The error bars are the
percentiles and the solid line is the median.
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corresponded to the NEXRAD volume coverage pattern (VCP) 21 (Figure 5.9) in order to
simulate what one typical operational radar scanning strategy would perceive. The RHI
scan’s elevation angle that was closest to that of VCP21 was used (Table 5.3). Since the
RHI elevation angles were spaced about 0.1° apart, we were able to obtain each VCP21
angle except for at 0.5°, which is rarely used by ARMOR because of beam blockage.
However, since ARMOR can experience blockage at elevation angles below about 0.9°
across many azimuths, we only used angles that were at least 1.5°. The resultant
simulated time-height series of ZDR at distances of 30-, 60- and 100-km for a rainfall
event on March 6, 2011 are given in Figure 5.10. These high-resolution, vertical profiles,
which simulated the PPI scans, depicted a 1-2 dB intense ZDR bright band centered
around 1.8-2.1 km (Figure 5.10a). We used a six minute revisit time in our simulation
since that is the revisit time employed by NEXRAD for the VCP21 scan mode.
The up and down motions of the ZDR bright band and the large drop fall streaks
after 02:00 UTC were pretty well captured at 30-km from the radar, where the radar beam
vertically spanned a 400 m layer (Figure 5.10b). The lowest radar elevation angle, 1.5°,
was affected by a ZDR bright band at 60 km from the radar after 01:50 UTC (Figure
5.10c), and at 100-km, the 1.5° beam was at least 1 km above the top of the ZDR bright
band (Figure 5.10d). Thus for this example, we only considered the simulation at 60-km
range to test the ZDR correction technique on an R(Zh, ZDR) estimator. We chose to use
the R(Zh, ZDR) estimator formulated by Bringi et al. (2011) to examine the rainfall with a
C-band radar in the United Kingdom. This estimator was chosen since it exhibited about
a 15% lower bias in stratiform rainfall than the default R(Zh, ZDR) estimator used by
ARMOR.
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19.5°

14.6°
9.9°

6.0°
4.3°
3.4°
2.4°
1.5°
0.5°

Figure 5.9 Radar scanning strategy for VCP21 (solid) simulated from ARMOR RHI
elevation angles (dotted). The shaded region along the abscissa is the terrain height along
the 52.7° azimuth (i.e., in the direction of the NSSTC, which is at 15 km). The VCP21
elevation angles labeled as well as given in Table 5.3.
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Table 5.3. RHI elevation angles used to simulate those of VCP 21.

VCP21 Elevation angle

Closest RHI Elevation angle

(in degrees)

(in degrees)

0.5

0.7

1.5

1.5

2.4

2.4

3.4

3.4

4.3

4.3

6.0

6.0

9.9

9.9

14.6

14.6

19.5

19.5
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Figure 5.10 A simulated PPI scan from (a) RHI measurements of ZDR obtained over the
NSSTC with the ARMOR radar on March 6, 2011. The measurements in (a) were used
to simulate a PPI type scan with a VCP21 pattern at (b) 30- (c) 60- and (d) 100-km from
the radar.
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5.3.2

Results of VP3 correction
In order to remove the effects of the VPR from the VP3 (i.e., isolate the VP3

impact), we used the Ze profiles from the high-resolution RHI scans, which extended well
below the bright band (e.g., 5.10a), and matched the 6-min revisit time of the VCP21
scan strategy. Thus the Zh we used in the rainfall estimator was free from any bright
band contamination. Correction for the ZDR bright band (i.e., the VP3 correction) was
accomplished by subtracting the ZDR of the 1.5° elevation angle simulation at 60 km
range (i.e., contaminated by a bright band) from that measured with the 1.5° radar
elevation angle at 15 km range (i.e., below a bright band). To summarize, our profile
correction consisted of using the vertical profiles extracted at relatively close range to the
radar (Figure 5.10a) as a proxy for radar measurements below the bright band at further
distances. Such an approach has been used by others intent on VPR identification (Joss
and Lee 1995; Vignal and Krajewski 2001; Bellon et al. 2005; Zhang et al. 2008).
However, the profiles extracted close to the radar may not be representative at further
distances. Bellon et al. (2005) indicated that the “near range” VPR correction does not
perform any better than a climatological VPR correction at ranges beyond 50-60 km.
The VP3 correction results from the PPI scan simulation of the March 6, 2011,
stratiform rainfall event are given in Figure 5.11. It shows that the VP3 correction
increased the radar estimate after 0140 UTC when the lowest radar beam intercepted the
ZDR bright band (Figure 5.10c). Furthermore, the VP3 corrected radar rainfall estimate
closely matched the rainfall measurement of the 2DVD, which performed similar to a
nearby Geonor weighing bucket rain gauge (Thurai et al. 2011, 2013). The 2DVD (i.e.,
the rain gauge for this purpose) recorded 13.1 mm of rainfall and the radar estimated
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Figure 5.11 Example of the VP3 correction for a stratiform rainfall event in northern
Alabama on March 6, 2011. The time-series of rain rate and rainfall accumulation were
obtained at simulated distance of 60 km from the radar.
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9.2 mm of rainfall with only a VPR correction and 11.4 mm after adding the VP3
correction. Thus the VP3 correction increased the radar rainfall estimate to more closely
match that observed on March 6, 2011.
We also examined ten rainfall events that contained a ZDR bright band. The
height of the ZDR bright band was used to determine the range at which to run the PPI
simulation. A list of these events and the average height of the ZDR bright band for each
are listed in Table 5.4. The radar estimates mostly underestimated the total accumulation
measured by the gauge, but the VP3 corrected estimates were less biased for nine of the
ten events. One of these events produced only a few tenths of a millimeter of rainfall.
The VP3 correction improved the bias of the hourly rainfall estimates from -38% to -26%
for these ten rainfall events. Figure 5.12 shows a comparison of the 15-min median
rainfall rate measured by the gauge and estimated with R(Zh, ZDR). The R(Zh, ZDR)
estimator bias was improved 9% after the VP3 correction was applied. The mean
absolute error decreased from 37% to 31% after the correction. A VPR correction can
improve the radar rainfall estimate by 20-50% (e.g., Vignal et al. 2000; Matrosov et al.
2007). Thus the additional 10% improvement in radar rainfall estimation offered by the
VP3 correction is rather impressive.
We have shown that a VP3 correction can improve dual-polarimetric radar QPE
as much as 12-13% for C-band radar using idealized simulations of one operational
scanning strategy. However, at S-band, which is less susceptible to backscatter
differential phase than C-band (Trömel et al. 2013), ZDR measurements in the melting
layer may not be as large or intense. Furthermore, the choice of scanning strategy can
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Table 5.4. Rainfall events used to evaluate the VP3 correction.

Event
Date and Time

ZDR Average Bright Band

Total Accumulation [mm]

Height AGL [km]
Gauge

VPR corrected Radar

VP3 corrected Radar
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2009-11-10 2000 to 2200 UTC

2.5

6.59

2.45

2.63

2010-11-15 1800 to 2100 UTC

2.0

0.20

0.31

0.39

2011-01-05 1600 to 1900 UTC

1.5

2.73

1.19

1.85

2011-01-25 1500 to 1800 UTC

1.8

3.50

3.30

3.43

2011-03-05 to 2011-03-06

2.3

17.9

16.6

17.9

2011-04-21 0340 to 0640 UTC

2.5

12.4

8.28

9.00

2011-09-04 to 2011-09-06

4.0

99.4

58.7

67.7

2011-10-28 1300 to 1600 UTC

3.0

3.46

1.98

2.47

2012-12-26 0050 to 0230 UTC

2.0

10.7

7.11

7.15

2013-03-11 1400 to 1700 UTC

2.0

5.26

2.89

3.12

Figure 5.12. Comparison of radar versus gauge rainfall rates before (circles) and after
(X) the VP3 correction.
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also impact our results since it may not resolve the bright band, especially at far distances
from the radar. Thus further tests of the VP3 correction using operational radar scan
strategies other than VCP21 are needed (e.g., NEXRAD VCP11). However, if the ZDR
bright band cannot be resolved or the lowest elevation beam is above it, which may be
the case at distant ranges, then our VP3 correction technique is futile since it relies upon
identification of the ZDR bright band. In these instances, perhaps a climatological VP3
correction could be utilized similar to that done by some VPR correction techniques (e.g.,
Joss and Waldvogel 1970; Kitchen et al. 1994; Bellon et al. 2005). Future attempts
should examine the use of mean profiles of ZDR extracted from azimuthal directions
closer than 30 km from the radar, but caution must be used to avoid high elevation angles
close to the radar, where the ZDR bright band signature is weaker.
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CHAPTER 6

SUMMARY AND CONCLUSIONS

The motivation for this study was to improve radar quantitative precipitation
estimation (QPE) by considering the vertical variability of precipitation that complicates
accurate retrieval of rainfall near the surface, especially at relatively far distances from
the radar. Our study was limited to stratiform type precipitation, which has large vertical
gradients of precipitation types, especially around the melting layer that cause biases in
dual-polarimetric radar rainfall estimates at relatively far distances from the radar
(Giangrande and Ryzhkov 2008). To accomplish this we attempted to answer four
questions pertaining to melting layer impacts on the rainfall characteristics, which
included formulating a radar rainfall estimator that has new potential for rainfall
estimation using multi-frequency radar techniques, and impacts of the vertical variability
of the precipitation on dual-polarimetric radar rainfall estimation.

141

6.1 How do precipitation melting layer characteristics impact the physics of
rainfall development in the vertical column?

Our focus on the melting layer is due to the fact that it is usually a rather
prominent feature of stratiform precipitation. We began by examining the evolution of
the raindrop size distribution (RSD) under different melting layers. We found that
variations in rainfall intensity of stratiform precipitation tended to follow variations in the
melting layer thickness. A hypothesis was that thicker and lower melting layers are
associated with larger raindrops at the ground. Although such a relationship has been
implied by others (e.g., Fabry and Zawadzki 1995; Huggel et al. 1996; Kim et al. 2009b),
they examined the reflectivity bright band, which is a radar manifestation of the melting
layer, and is thicker than the true melting layer (Stewart et al. 1984; Willis and
Heymsfield 1989). Instead, we used high-resolution dual-polarimetric radar scans to map
out the melting layer, in particular ρhv measurements, which provide a rather accurate
depiction of melting hydrometeors (e.g., Caylor and Illingworth 1989; Zrnic et al. 1994;
Brandes and Ikeda 2004; Giangrande et al. 2008).
We found a direct linear relationship existed between the thickness of the melting
layer and the size of raindrops measured at the ground with two-dimensional video
disdrometers. We found a linear correlation of 0.94 between the two. Variations in
melting layer thickness were found to describe nearly 90% of the variability in raindrop
size. For a couple tropical rainfall events we also found a similarly strong linear
relationship existed between the raindrop size and height of the melting layer, except that
an inverse relationship existed (i.e., larger raindrops from lower melting layers). Such
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similarity is not very surprising since the melting layer thickness is governed by the
distance it takes a snowflake to melt. This in turn can cause the bottom of the melting
layer to descend while its top remains around the same altitude (i.e., melting layer
thickens). Thus because of this similarity and since the melting layer thickness exhibited
a normal distribution—as did Dm and log10Nw—we only considered melting layer
thickness in our examination of impacts to the resultant DSD evolution.
The vertical evolution of the RSD in stratiform precipitation was examined with
the same high-resolution RHI scans used to examine changes in the melting layer. Again,
larger raindrops emanated from thicker melting layers. The retrieved RSD profiles
revealed the mass-weighted mean diameter (Dm) of raindrops first undergo a slight
decrease immediately below the melting layer as the largest and most unstable raindrops
breakup. Also, size sorting via differences in fall speeds could contribute to a Dm
decrease at this altitude since the larger drops have higher terminal velocity. About 500750 m below the melting layer Dm increased to values comparable to or larger than it was
just below the melting layer. Below this peak Dm steadily decreased towards the ground
such that it was either comparable to, or for the thinnest melting layers, Dm near the
ground was 10-12% less than that after exiting the melting layer.
Some of the insight into these observed Dm trends was gained by using the
retrieved raindrop number concentration (i.e., Nw) even though it had relative
uncertainties exceeding 30% and were highly variable, especially aloft. A greater
number of raindrops were mostly found beneath thicker melting layers, and all they
decreased from the just below the melting layer to the ground for all but the thinnest
melting layers This could occur due to size sorting and advection that result in the

143

smaller drops being deposited further downwind from the larger raindrops. Although we
attempted to mitigate such from occurring, it is possible that the precipitation trails we
used to identify the size sorting were not as apparent during times of thin and typically
less intense radar bright bands. Thus the profile we extracted just below the melting layer
could have contained larger raindrops that were fewer in number than the smaller
raindrops sampled closer to the ground.

6.2

Can the melting layer characteristics as observed with radar be used to
improve radar QPE?

Although the rainfall intensity increased with the thickness of the melting layer,
we were unable to find any radar rainfall estimator based on melting layer characteristics
to exhibit more skill than traditional reflectivity-rainfall rate (Z-R) estimators. Instead,
we indirectly made the connection between melting layer thickness and rainfall rate using
Dm. Since Dm was found to provide an indication of the overlying microphysics, we
tested its utility as a radar rainfall estimator. The idea of using raindrop shape/size to
improve radar rainfall estimation dates to the seminal study by Seliga and Bringi (1976)
and has a long heritage in the form of R(Zh, ZDR) type estimators (e.g., Bringi et al. 1982;
Gorgucci et al. 1996; Ryzhkov et al. 2005b). Such type of dual-polarimetric radar
rainfall estimator is commonly used at low to moderate rainfall rates (Chandrasekar et al.
1990; Ryzhkov et al. 2005b; Cifelli et al. 2011) and for high spatial resolutions where
KDP-based estimators can be too noisy (Gorgucci et al. 2000). For dual-polarimetric
radars, we do not expect an R(Zh, Dm) type estimator to perform any better than an R(Zh,
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ZDR) type estimator because Dm is retrieved from ZDR. However, radars that do not
measure ZDR but are capable of retrieving Dm, for example, via single wavelength
techniques (e.g., TRMM; Iguchi et al. 2000) or dual-wavelength techniques (e.g., GPM
DPR, NASA's Dual-polarimetric, Dual-frequency, Doppler radar [D3R; Chandrasekar et
al. 2012]; Liao and Meneghini 2005), may benefit from an R(Zh, Dm) type estimator.
Thus we formulated such an estimator from Z-R equations fitted to RSDs that were
constrained by Dm, which is based on the theory that this results in R being linearly
related to Z. This technique enabled us to derive an R(Zh, Dm) estimator that had 24%
less error than a single-parameter Z-R devised from the same disdrometer dataset.
Compared to an operational rain gauge network, we found the R(Zh, Dm)
estimator exhibited a systematically low bias, similar to the other three estimators we
considered, but its standard error was comparable to that of ARMOR’s combined dualpolarimetric rainfall estimator for rainfall rates exceeding 3-5 mm h-1. Furthermore, the
R(Zh, Dm) estimator had a 7% less absolute bias than an R(Zh, ZDR) estimator, which was
derived from the same disdrometer measurements and ARMOR scattering simulations,
and similar mean absolute error as this R(Zh, ZDR) estimator. These finding suggests that
an R(Zh, Dm) type estimator can provide rainfall estimates with accuracy similar to that of
combined dual-polarimetric radar rainfall estimators at moderate rainfall rates. Thus it
has potential applications for other types of radars capable of retrieving Dm with
relatively low uncertainty. An example of such a platform is the DPR onboard the GPM
core satellite (Hou et al. 2014). However, GPM DPR’s ability to retrieve Dm with
accuracy similar to dual-polarimetric radar has yet to be proven.
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6.3

What are VP3 characteristics and how do they vary as a function of rainfall
intensity?

The R(Zh, Dm) rainfall estimator still suffers from the same range dependent
errors inherit to all operational radar rainfall estimates (i.e., measurements away from the
radar are obtained at increasingly higher altitudes), which makes them susceptible to the
vertical variability of precipitation. The vertical profile of reflectivity (VPR) has been
used to help correct for the radar reflectivity bright band (e.g., Koistinen 1991; Joss and
Lee 1995; Vignal and Krajewski 2001), but there has yet to be any published attempts to
correct dual-polarimetric rainfall estimates for the bright band that is also present in
operational measurements of ZDR in stratiform precipitation. This ZDR bright band can
negatively bias R(Zh, ZDR) estimates, as much as 50%, even after applying a VPR
correction. To differentiate the profiles of dual-polarimetric measurements (e.g., ZDR)
from the VPR, we referred to them as vertical profile of polarimetric parameters (VP3).
We extracted VP3s from RHI scans obtained through 18 stratiform precipitation
events and examined the melting related signatures in Ze, ZDR and ρhv. Our results were
consistent with others (e.g., Zrnic et al. 1993; Hagen et al. 1993; Brandes and Ikeda 2004;
Giangrande 2007)—the Ze bright band was the thickest amongst the three and the melting
layer (determined from ρhv < 0.97) was 250 to 850 m thick. The ZDR bright band
extended to the bottom of the melting layer and the highest ZDR was found when large,
and likely rimed aggregates were present above the freezing level. This ties the size of
raindrops in stratiform precipitation to the size of aggregates aloft. Also, greater Ze
below the ML was found when the ZDR bright bands was relatively weak (i.e., those
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where less than a 0.5-0.7 dB difference existed between ZDR in the ML and ZDR in the
rain). This implies that the largest raindrops occurred during times when the most intense
rainfall was observed for the stratiform events we examined. This finding is in contrast
to convective rainfall where size sorting is further exacerbated by a more intense updraft
through which only the largest raindrops can fall that typically occurs during times of less
intense rainfall (Rosenfeld and Ulbrich 2003; Kumjian and Ryzhkov 2012).

6.4

What are the impacts of the VP3 on radar QPE?

To further improve dual-polarimetric radar rainfall estimates beyond what is
offered by VPR correction, we employed a VP3 correction and applied it to ZDR
measurements of stratiform rainfall. Simulations of operational radar scans were
performed, and we found the VP3 correction improved the bias of R(Zh, ZDR) estimates
by 9-12%, which is a rather impressive reduction for operational dual-polarimetric radar
QPE. However our VP3 correction technique used profiles at close range to correct radar
measurements at further distances. Thus we utilized the assumption of horizontally
homogenous rainfall, but such an assumption may be more applicable for ZDR than it is
for Zh. This is because ZDR is related to raindrop shape/size—a much less variable
characteristic of the RSD than the number concentration (Bringi et al. 2003; Moreau et al.
2009; Thurai et al. 2012; Bringi et al. 2015), which is used in the definition of Zh (see
equation [(2.3]). However, most of the past studies have only examined horizontal
variability of the DSD.
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Only recently has the three-dimensional characterization (i.e., horizontal and
vertical) of DSD spatial variability begun receiving the required attention (e.g., Bringi et
al. 2015). However, additional DSD studies of this type are required to help assess how
far away we can use a locally extracted VP3 (e.g., one obtained close to the radar) to
correct the radar rainfall estimates.
In summary, we found that RSD vertical variability in stratiform rainfall can
detrimentally impact dual-polarimetric radar QPE. Variations in the melting layer
thickness and height play a key role in modulating changes to the RSD of stratiform
precipitation. This connection between rainfall at the ground and the overlying
microphysics provide a means—via a two-parameter rainfall estimator and vertical
profile correction—for improving radar QPE at far distances from the radar.
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APPENDIX

RADAR RSD RETRIEVAL

A random selection of 70% (94,409 minutes) of the RSD spectra listed in
Table 3.3 were used to compute the Dm and Nw fits for each location, and the remaining
30% (40,460 minutes) were used for model validation. This sub-setting enables an
independent validation of the model using observations not used in the fitting procedure.
Before fitting a model to the training data (70% of dataset), Gaussian noise was added to
the simulated radar measurements so that the results were more applicable to actual radar
measurements (e.g., ZDR < 0 dB in small drop sizes can often be measured). The random
error in the radar measurements was determined for both radar configurations listed in
Table 3.1 following the methods of (Bringi and Chandrasekar 2001, chap. 6) assuming
that most radar measurements containing stratiform rainfall can be characterized by a
Doppler spectrum width exceeding 1 m s-1 and |ρco| > 0.98. It was found that the
ARMOR (NPOL) measurements had a standard deviation of ±1.2 dB (±1.9 dB) in Zh and
a ±0.3 dB (±0.4 dB) standard deviation in ZDR. The lower uncertainties in the ARMOR
measurements are mostly due to it using a greater number of samples than NPOL for the
RHI scan strategies that were utilized. The RHIs performed by ARMOR collected 128
samples at both h- and v-polarizations to compute the dual-polarimetric variables for each
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125 m range bin, whereas the NPOL RHIs conducted during IFloodS used 72 samples to
compute the variables for each 150 m range bin. The uncertainty of power-based
measurements are dependent upon the number of independent samples collected, and all
else being equal the radar that utilizes more samples to compute mean power has the
lower random measurement error (e.g., see Figure 5.37 and of Bringi and Chandrasekar
2001).
The results of the radar scattering simulations were used to fit a model to the
2DVD measurements of Dm and log10Nw. Petersen et al. (2011) and (Carey and Petersen
2015)have already empirical relationships at C-band using about 7500 minutes of the
Huntsville, Alabama dataset, but they fitted the data to D0 which is slightly different from
Dm. Furthermore, a much larger dataset was used in this study (Table 3.3). The
following polynomial fits were determined from the training dataset:



Alabama:

𝐷𝑚 = 0.5969 + 1.7953𝑍𝐷𝑅 − 1.1111𝑍𝐷𝑅 2
+ 0.5171𝑍𝐷𝑅 3 − 0.1360𝑍𝐷𝑅 4

−0.2 ≤ 𝑍𝐷𝑅 ≤ 4.7 dB;

(A.1)

−0.3 < 𝑍𝐷𝑅 ≤ 3.7 dB.

(A.2)

+ 0.0142𝑍𝐷𝑅 5 ,



Iowa:

𝐷𝑚 = 0.5953 + 1.6092𝑍𝐷𝑅 − 1.0567𝑍𝐷𝑅 2
+ 0.5762𝑍𝐷𝑅 3 − 0.1696𝑍𝐷𝑅 4
+ 0.0219𝑍𝐷𝑅 5 ,
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Since linear least squares minimization was used to find a “good” fit, the
observations are scattered about the fitted model, which introduces an inherent
uncertainty in the retrieval method. Furthermore, the type of model used can influence
the error, especially at the extremes ends of the retrieved parameter. For example, a
power law is commonly used to retrieve Dm from ZDR (Bringi et al. 2002; Brandes et al.
2004; Matrosov et al. 2005; Anagnostou et al. 2008; Koffi et al. 2014), but it does not
represent the RSDs characterized by large raindrops very well (Bringi et al. 2006, 2009;
Carey and Petersen 2015). This is shown in Figure A.1, which compares both power-law
and polynomial model fits to a subset of the IFloodS RSD dataset.
Overall, there was not much difference between the power-law and polynomial,
except at the lower and upper ranges of the simulated ZDR (Figure A.1). The root mean
square error (RMSE) differed by only 0.02 mm. The coefficient of determination (R2)
for the power-law is 0.872, whereas it was 0.902 for the polynomial. The power-law had
a coefficient of variation that was nearly 2% higher. The power-law retrieval
increasingly underestimated Dm > 2 mm (Figure A.1.b). Since it is not a constant bias,
radar retrievals using the power-law fit could not estimate Dm for RSDs characterized by
large drops better than the polynomial. The normalized standard error, NSE, was
employed to qualitatively assess the uncertainty of these two models as a function of Dm.
The observed Dm values were divided into 0.1 mm bins and the normalized standard error
was calculated for each bin containing at least twenty RSD observations The NSE of the
power-law and polynomial fits was similar except the polynomial performed 3-5% better
for Dm < 1mm. (Figure A.1c). The power-law has an 8.5% higher total error than the
polynomial. Similar trends were found for fits derived from the Huntsville dataset. The
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Figure A.1 A comparison of polynomial and power-law fits for retrieval of Dm from ZDR
at the NPOL radar frequency using the IFloodS gamma RSD data not used in the fitting
process (i.e., the validation dataset). (a) 2DVD observations of Dm and the simulated
ZDR at S-band frequency with a polynomial fit (solid line) and power-law fit (dashed
line) to the dataset; the six coefficients labeled as ai of the fifth-order polynomial fit are
each defined as well as the coefficient, b0, and exponent, b1, of the power-law fit. (b)
Comparison of the retrieved Dm and observed Dm for the polynomial (asterisks) and
power-law (plus) models; the dashed line represents perfect agreement; the RMSE,
coefficient of variation of the RMSE (i.e., RMSE divided by the mean observed Dm) and
coefficient of determination are given on the right-side of this plot. (c) Normalized
standard error of the polynomial (solid) and power-law (dashed) retrievals relative to the
true Dm.
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polynomial fit yielded a lower overall error than the power-law fit. The polynomial fits
exhibited much smaller biases compared to the power-law fits and estimated Dm in the
presence of radar measurement error with an overall accuracy of 8% and 12% for
ARMOR and NPOL, respectively. Using the polynomial, the radar was able to estimate
1 < Dm < 3 mm within 6-10%. This is similar to the range of normalized standard errors
reported by Carey and Petersen (2015) for a polynomial D0(ZDR) fit. They used only a
fourth-order polynomial, whereas we used a fifth-order polynomial (i.e., an additional
term) to further reduce the parametric bias of Dm(ZDR). Also, in our radar scattering
simulation we assumed Dmax/Dm = 3, but such a ratio may not have always been observed
by the disdrometer. Findings by Carey and Petersen (2015) indicate our Dm retrievals
may have been biased by - 6% (5%) when our assumed Dmax/Dm ratio was an
overestimate (underestimate).
Combining the retrieved Dm with the definition of radar reflectivity and assuming
the RSD was well represented by the modified gamma model (equation (3.4]), yielded an
estimated value for Nw. However, describing the RSD with a gamma model requires
knowledge of μ, which can be difficult to retrieve with much accuracy (Gorgucci et al.
2002). Fortunately a power-law in the form,
𝑁𝑤 = 𝑎𝑍ℎ 𝐷𝑚 𝑏 ,

(A.3)

provides an excellent fit to the data (e.g., Figure A.2). The coefficient, a, and exponent,
b, were empirically determined via a linear-least square minimization between the 2DVD
measurements and corresponding scattering simulations for the Huntsville and Iowa
datasets. The fitting was performed in logarithmic space since both the measured Nw and
reflectivity were stored in logarithmic units and exhibited excellent linear relationship
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Figure A.2 The power-law model used to retrieve Nw for the IFloodS gamma RSD data
not used in the fitting process (i.e., the validation dataset). (a) 2DVD observations of Dm,
Nw and the simulated horizontal reflectivity. Two power-laws were used to provide a
good fit across the entire range of observed gamma RSDs; the coefficient, b0, and
exponent, b1, of the power-law fits for each Dm range is also given in the lower right. (b)
Comparison of the Nw retrieval relative to the observed Nw; the dashed line represents
perfect agreement; the RMSE, coefficient of variation of the RMSE (i.e., RMSE divided
by the mean observed Nw) and coefficient of determination are given on the right-side of
this plot. (c) Normalized standard error (NSE) of the retrieved Nw relative to the true Nw;
the darker curve is the NSE without inclusion of the Dm retrieval error.
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Table A.1 Empirical constants used to retrieve Nw from dual-polarimetric radar
measurements. The retrieval equation is of the form Nw=aZhDmb where Zh is in mm6m-3
and Dm is in mm.

Radar

Empirical Constants

Defined range

ARMOR

𝑎 = 32.47; 𝑏 = −7.102

0.25 ≤ 𝐷𝑚 ≤ 2.0 mm

(Huntsville, AL)

𝑎 = 93.60; 𝑏 = −8.780

2.0 < 𝐷𝑚 ≤ 3.2 mm

𝑎 = 2.223; 𝑏 = −5.641

3.2 < 𝐷𝑚 ≤ 6.0 mm

NPOL

𝑎 = 29.358; 𝑏 = −7.239

0.27 ≤ 𝐷𝑚 ≤ 2.7 mm

(Iowa)

𝑎 = 4.802; 𝑏 = −5.617

2.7 < 𝐷𝑚 ≤ 5.0 mm
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with log10Dm. Figure A.2 shows the results of fitting a power-law to estimate Nw.
Table A.1 provides the empirical fits used to retrieve Nw from the ARMOR and NPOL
measurements. The resultant a and b parameters are consistent with those determined by
others (e.g., Bringi et al. 2002; Thurai et al. 2012). Two fits were required for the NPOL
dataset to extend the model to RSDs containing large drops. Three fits were needed to fit
the ARMOR dataset, perhaps due to the resonance effects that occur at C-band for
raindrops larger than about 5 mm in diameter (Zrnić et al. 2000; Keenan et al. 2001;
Carey and Petersen 2015).
A combination of power-laws provided an excellent fit to the observed data and
estimated Nw with very little bias (Figure A.2b); thus a polynomial was not required to
estimate Nw. However the uncertainty in the retrieval of Nw from NPOL measurements
in Iowa was much higher than that for Dm. The retrieval of Nw includes both uncertainty
in the radar measurement of Zh and retrieval of Dm in addition to its own parametric
fitting error. The RMSE of the Nw retrieval from NPOL is 3972 mm-1m-3, of which 53%
was attributed to radar measurement error. The NSE of the Nw retrieval from NPOL
measurements in Iowa was around 0.25 for Nw < 104 mm-1m-3 but as high as 0.5 for
greater number concentrations (Figure A.2c). This increase of uncertainty for larger
values of Nw was amplified due to relatively great uncertainty in the retrieval of
Dm < 0.8 mm (Figure A.1c). The ARMOR retrieval of Nw is about 5-10% better than
NPOL due to its lower radar measurement errors of Zh and ZDR (Figure A.3).
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Figure A.3 Uncertainty in the radar measurement of reflectivity and differential
reflectivity in rainfall for the NPOL and ARMOR radars using their specifications listed
in Table 3.1.
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